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Agricultural economists who at some time have exper- 
ienced methodological qualms about their work will 
enjoy the prickly essay by Hausman and McPherson. 
They challenge the idea that there is a neat separation 
between positive and normative propositions. Moral 
sentiments, like optimizing behaviors, are subject to 
rational discourse. As the authors acknowledge, agri- 
cultural economists are rarely afforded the time to 
reflect deeply on the philosophical underpinnings of 
their inquiries. However, I feel a few minutes with the 
Hausman/McPherson piece will be worth your while. 


Konyar and Osborn found a host of variables that 
affected the participation of farmers in the Conserva- 
tion Reserve Program, including farmer’s age, tenure 
status, farm size, and land values. The interesting 
finding that a dollar in crop production is preferred to 
a dollar in program payment suggests that increased 
enrollment in the program will come at increased 
marginal cost. 


Recently, the press has noted the increased concentra- 
tion in the poultry industry. Some of the consequences 
of that concentration are observed in an article by 
Babula, Bessler, and Schluter. They found that chan- 
ges in corn prices in recent periods were more readily 
reflected in poultry product prices, and sustained 
longer, than in earlier periods. Their results appear to 
imply, but they do not assert, major structural changes 
in the poultry industry. 


Gale examines the trend in farm numbers in the 
United States from 1960 to 1988. He separates trend 
from shortrun economic effects, demonstrating that 
changes in the relation of farm prices received and 
paid to land values and interest rates had the expected 
connection to changes in farm numbers. Models of 
farm structure need to include both trend and shortrun 
variables. 


Deterministic programming models may benefit from 
the addition of a probability dimension. Chebyshev’s 
inequality, a device for converting probability con- 
straints to deterministic constraints, has been criti- 
cized for being too crude. Kim, Schaible, and Segarro 
demonstrate when and how Chebyshev can be used in 
a programming problem. 


A form of regression analysis is performed by Barnard 
and Pfefferman to improve estimates of land values, 


particularly for small areas. The traditional use of 
regression in land value research is to explain the 
causes of variation of change over time. The Bar- 
nard/Pfefferman technique is intended to improve 
the predictors of mean land values. They applied 
estimates of Midwest agricultural land prices only to 
nonirrigated cropland. Not too surprising was the 
finding that the estimates of land values supplied by 
County Executive Directors of the Agricultural Sta- 
bilization and Conservation Service has a most posi- 
tive effect on the quality of estimate. Question: should 
any one source of information such as ASCS officials 
have an overwhelming influence on market informa- 
tion? 


Malley addresses an error correction mechanism in 
dynamic specification of forecasting models. He 
derives the ECM and then applies it to aggregate 
consumption expenditure in the United States. He 
demonstrates how to calculate elasticities of con- 
sumption with respect to income and inflation. 


Book reviews lead with Teigen’s critical comparison 
of Tweeten’s 1979 and 1989 texts on farm policy. One 
drawback of the new book is its lack of context and 
history of programs affecting agriculture. Teigen 
adds: “Perhaps, the past is irrelevant to policy directed 
at removing government from agriculture...”. 


Other reviews include Henderson’s evaluation of 
Shaffer’s book on community development, a parti- 
cularly useful document for nonacademics involved 
with rural development. Hutchinson reviews two 
books on transportation, recommending one of them 
despite its weakness of deregulation. Caplan and 
Deaton give high marks to Australia’s Bureau of 
Agricultura! and Resource Economics for the content 
and classy presentation of the monograph on Japanese 
agricultural policies. 


McCloskey has argued that economics should be a 
branch of rhetoric—or was it the other way around? 
Either way progress in a discipline or a field of 
inquiry requires not only persuasive argument but 
thoughtful response. We encourage our readers to 
assess carefully what they see here and respond in the 
form of note, comment, or article. Peer review usually 
is limited to two or three readers, not an infallible 
method even under the best of circumstances. Peer 
review differences are not always resolved. Further- 





more, peer review is private conversation, some of only incidentally, and the Journal not at all. Your 
which should be shared with the Journal’s readers. If comments are welcome. 

we accept the postulates of consumer sovereignty of 

the products of our profession, we are bound to Gene Wunderlich 
publish the Journal to serve the readers, the authors 





Agricultural Economics and the Chaos of Economic Methodology 


Daniel M. Hausman and Michael S. McPherson 








How should agricultural economists go about their 
business? If they are unfortunate enough to read some 
economic methodology (and it is hard to avoid doing 
so, since without warning, it creeps into introductory 
paragraphs and reflective asides), they are bound to 
feel confused. There is something like “received wis- 
dom” which says that positive and normative eco- 
nomics must be radically divorced and that economists 
have really nothing to add on normative questions 
except better facts and better positive theory. The 
standard view of positive economics is much like 
Milton Friedman’s—one wants correct and useful 
predictions, and one is uninterested in anything else. 
Philosophically inclined methodologists such as Mark 
Blaug are more circumspect, but the received wisdom 
is nevertheless that economists should stick to positive 
economics and should look for theories that work 
predictively. 


On top of this vague orthodoxy, and only partly 
conforming to it, is the insistence of high theorists 
(particularly in the rational expectations school) that 
economists must seek structural models in which the 
behavioral postulates are all derivable from fun- 
damental microeconomic theory. Despite the appar- 
ent, methodologically laissez-faire implications of the 
view that only predictive success matters, Friedman 
and the methodologically orthodox are virtually as 
insistent as the high theorists that one avoid any 
behavioral assumptions that cannot be shown to result 
from individual maximization. 


Donald McCloskey more radically repudiates 
methodology altogether. Like Blaug and others, 
McCloskey points out that economists do not practice 
what the received methodological wisdom preaches. 
But, he then argues for the striking thesis that there is 
no reason for economists to follow any methodological 
preaching at all. According to McCloskey, the stan- 
dards of good argument in economics are whatever 
standards of good argument economists accept. 


All this must be baffling to agricultural economists, 
who cannot afford to indulge in pure abstract theory 
or to plunge deeply into issues in the philosophy of 
science. Economists have little choice except to imi- 





Hausman is an associate professor in the Department of 
Philosophy, University of Wisconsin-Madison. McPherson is 
Herbert H.K Lehman Professor of Economics at Williams College, 
Williamstown, MA. They are co-editors of the journal, Economics 
and Philosophy. 


tate the methodological practice of their teachers and 
colleagues. But reflective individuals, who are con- 
cerned about their goals and want their practice to 
contribute to those goals, cannot avoid wondering 
whether there is something worrisome or potentially 
useful in this methodological ruckus. 


So what ought one to think about economic method- 
ology? Here are a few simple remarks along with brief 
hints at supporting arguments. 


1. Received wisdom proclaims that not only are posi- 
tive and normative questions distinct, but on matters 
of values only grunts and clubs are called for, not 
civilized and rational argument. This view is absurd 
and destructive, because people argue about even the 
most emotionally charged ethical issues, and their 
arguments are not completely without effect. There 
are intellectually respectable ethical probiems, and 
an education in economics should not disqualify one 
from contributing to their solution. Sound assessment 
of economic policy alternatives requires defensible 
moral foundations as well as correct positive analysis. 


Some economic theorists have made important con- 
tributions to foundational questions in moral theory in 
recent years, but applied economists do not need to 
become rare philosophers to cope constructively with 
the ethical dimensions of their work. In fact, the tools 
economists use in their daily work, such as cost- 
benefit analysis, discounting of future returns, and 
assessment of externalities, are morally defensible as 
part of the normative apparatus of a pluralistic 
liberal society. Forthrightness in acknowledging the 
normative commitments behind policy analysis leads 
not to nihilism but toa more critical awareness of both 
the strengths and the limitations of these tools. 


2. Friedman’s view is generally taken to be that one 
should regard economic theory as a set of tools that 
does some jobs well. If a hypothesis works, no questions 
need be asked about whether its assumptions (basic 
propositions) are realistic (true). If a hypothesis doesn’t 
work, scrap it. If, analogously, a computer program 
solves some problems correctly, one might say, “Why 
worry about the correctness of the algorithms upon 
which the program is based?” But, the analogy shows 
what is wrong with Friedman’s view. To know that 
the program solves all the significant problems cor- 
rectly, without assessing the algorithm and code, one 
would need to know the answers already, and one 
would not need the program. To say that a hypothesis 
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“works” means only that it has worked in some 
sample. This success may give good reason to believe 
that the hypothesis will work in other cases, but one 
may also want to examine the assumptions (the 
algorithm of the program). In that way, one may 
anticipate successes or failures in new applications. 
When hypotheses or programs fail, the most efficient 
way of modifying them involves examining the realism 
of their assumptions or the peculiarities of their 
algorithms or codes. So, agreement with Friedman’s 
practical, predictive vision of economics does not 
imply that one should treat theories as black boxes. 
One should take seriously questions about the realism 
of assumptions and the truth of irrelevant or un- 
interesting predictions. 


3. With their insistence on structural models, the 
rational expectations theorists go part of the way 
toward the view defended in the paragraph above, for 
they agree that mere predictive “success” is not 
necessarily a good basis for policy. They do not agree 
however, that one should take the assumptions of 
models literally and seriously and attend to their 
empirical weaknesses. Instead, the rational expecta- 
tions theorists exalt the basic model of individual 
rationality and self-interest to a status little short of a 
priori necessary truth. Their work results in theories 
with striking elegance, system, and unity, and their 
efforts are justified, for there is a good deal of truth to 
the image of agents with complete and transitive 
preferences motivated by nothing except the size of 
their own bundle of commodities and services. But 
such a picture is obviously not the whole truth. Other 
behavioral generalizations, no matter how discon- 
nected from or even inconsistent with the basic model, 
may sometimes be a better basis for prediction and 
explanation. 


4. Economists do not behave the way that Blaug or 
Friedman say they ought to. But Blaug and Friedman 
are mistaken about how economists ought to behave, 
and McCloskey is wrong to argue that (apart from the 
norms of honest and polite conversation) there are no 
rules—that anything goes that in fact persuades. We 
cannot sort through the relevant epistemological issues 


in a paragraph or two, nor do agricultural economists 
need to master this complex area of philosophy in 
order to do their work. What we would instead 
suggest is this: (a) that agricultural economists reflect 
on the kinds of arguments they make and heed (as 
McCloskey rightly urges); (b) that agricultural econo- 
mists reflect about what they aim to achieve in 
particular inquiries and what constraints they face; 
and then (c) that agricultural economists consider 
what sort of arguments could rationally help achieve 
their goals, given their constraints. If all is as it should 
be, the arguments that, according to step a, in fact 
persuade are the ones that, according to step c, ought 
to persuade. But all is not, of course, necessarily as it 
ought to be in this very much less than best of all 
possible worlds. 


5. Economists do many different things and, except 
perhaps at the highest level of abstraction, the same 
methods of theory construction and appraisal do not 
apply to all activities. In thinking about what theories 
to consider, how to appraise and modify them, and 
how much credence to give them, agricultural econo- 
mists need to take into account the goals, constraints, 
and data peculiarities that apply to their activity. 
(Since we are not agricultural economists and do not 
know the discipline in detail, we cannot formulate or 
address the most pressing, practical, and important 
methodological questions that agricultural economists 
face.) 


Although methodological reflection could not radically 
and rapidly change agricultural economics, even if it 
needed changing, such reflection is unavoidable, 
potentially confusing, but conceivably valuable. Meth- 
odological reflection is unavoidable, because agri- 
cultural economists who are serious about their work 
must consider what they want to accomplish and what 
is the best way to accomplish it. Methodological 
reflection is most likely to become confusing when it is 
abstract and purely philosophical, because economists 
for the most part are not competent epistemologists. 
Such reflection is most likely to be valuable when it is 
undertaken in relationship to the practical problems 
and objectives of inquiry. 





A National-Level Economic Analysis of Conservation Reserve 
Program Participation: A Discrete Choice Approach 


Kazim Konyar and C. Tim Osborn 








Abstract. The decision to participate in a Government 
program can be viewed as a discrete choice problem, 
where a farmer will choose to sign up for the program if 
the expected utility of participating outweighs the 
expected utility of not participating. In this article, the 
probability of farmer participation in the Conservation 
Reserve Program (CRP) is modeled as a discrete choice 
problem and the model is estimated based on data for 
the entire United States. Results from the first three 
CRP signup periods indicate that farm tenure, farm 
size, land value, farmer age, erosion rate, and expected 
net returns with and without participation influence 
the probability of CRP participation. These results can 
be useful in evaluating how farmers might react to 
similar programs. 


Keywords. Conservation Reserve Program, discrete 
choice approach, logistic regression, minimum chi- 
square method. 


The Conservation Reserve Program has been seen as 
an effective policy instrument for achieving environ- 
mental benefits and may be used as a model for other 
environmental legislation. In this paper, we develop 
and estimate a model of CRP participation. The 
analysis includes important economic variables not 
considered in the previous studies. In addition, unlike 
the previous CRP modeling efforts, the empirical 
analysis in this study is based on national data rather 
than data from a few counties. Conclusions drawn 
from the model are useful in assessing the importance 
of different factors affecting participation in an 
expanded CRP as well as in designing and imple- 
menting other cropland retirement programs. 


The CRP isavoluntary cropland retirement program 
established in the Conservation Title (XII) of the Food 
Security Act of 1985 (PL 99-198). Its purpose is to 
assist owners and operators of highly erodible cropland 
in conserving and improving the soil and water 
resources of their. farms and ranches, improving 
' offsite environmental quality, and limiting the pro- 
duction of surplus commodities. Up to 40-45 million 
acres of highly erodible cropland are to be placed into 
the CRP by the end of 1990. 





The authors are agricultural economists with the Resources and 
Technology Division, ERS. 


Participants ‘n the CRP must place highly erodible 
cropland into grasses, trees, or other acceptable 
conserving uses for 10 years. They must also agree not 
to harvest, graze, or make other commercial use of the 
forage for the duration of the contract, except where 
the Secretary of Agriculture permits, as in a drought 
or similar emergency. In exchange, the U.S. Depart- 
ment of Agriculture (USDA) pays participating 
farmers annual per acre rent and one-half the cost of 
establishing a permanent land cover (usually grass or 
trees). The rental payment is determined on a per 
farm basis through a pseudobidding process in which 
the farmer indicates the amount of land to be enrolled 
and a yearly rental payment (rental bid). After 
verifying that eligibility conditions have been met, 
county Agricultural Stabilization and Conservation 
Service (ASCS) committees review the farmer’s 
application. The application is accepted and a contract 
is signed if the rental bid does not exceed a pre- 
determined maximum and if the rental bid is con- 
sistent with market rents for comparable cropland. 
Nearly 31 million acres had been enrolled in the CRP 
during the eighth signup period in February 1989. 


An estimated 101 million acres of highly erodible 
cropland meet the physical requirements for CRP 
enrollment. Most of this cropland is in the Corn Belt, 
Northern Plains, Southern Plains, and Mountain 
regions. Enrollment in the CRP, however, is limited to 
25 percent of the cropland in a county. The 25-percent 
limit reduces the amount of highly erodible cropland 
eligible for CRP enrollment to about 70 million acres. 


Previous Studies 


Several studies have analyzed CRP participation. 
Studies by Boggess; Ervin and Dicks; and Jagger 
developed theoretical models of the determinants of 
CRP participation (1,4,6).! They did not, however, 
provide any empirical estimations. Esseks and Kraft, 
and Kula estimated the relationship between CRP 
participation and farm and farmer characteristics 
based on limited geographical data (7,5). Kula’s study 
was based on data from one county in Missouri. He 
found that a farmer’s age and tenure status were more 
significant in explaining the probability of entering 
the CRP than were farm size, erosion, rate, and cash 





‘Italicized numbers in parentheses cite sources listed in the 
References section of this article. 
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rents. Esseks and Kraft used data from a survey 
conducted in four midwestern study sites. Among 
their results was the negative relationship of CRP 
participation to income from farming and the positive 
relationship to income from annual crops and 
percentage of land with erosion problems. 


The empirical analysis in this paper is based on data 
from the first three CRP signup periods. Unlike 
previous empirical analyses of CRP participation, the 
data used in this study cover the entire country, and 
the analysis incorporates additional economic vari- 
ables such as land values, profitability of CRP partic- 
ipation, and the expected profitability of continued 
crop production. Previous empirical analyses were 
based on farm-level data. In this model, the CRP 
participation rates and explanatory variables are 
evaluated at the regional level. Therefore, statistical 
inference on CRP participation can be made only at 
the regional level, not at farm level. 


Model 


Farmers with eligible fields have the choice of 
enrolling in the CRP. USDA pays enrolled farmers 
annual rental for 10 years and half of the cost of 
establishing a vegetative cover. If farmers choose not 
to enroll, they presumably continue to earn income 
associated with crop production. By its nature, the 
CRP participation decision can be viewed as a 
dichotomous choice problem. 


If a farmer’s behavior is consistent with a well- 
defined utility function in a dichotomous choice setting, 
a rational farmer will compare the expected utility 
received during the 10-year period of participation in 
the CRP with the expected utility received during the 
same period of nonparticipation. If the expected 
utility of participation is greater than the expected 
utility of not participating, the farmer will choose to 
participate. The stochastic utility of participation for 


the it" farmer who participates (superscript 1) can be 
written as(2): 


U,'= V(x,', s,) + e(x,', s)), (1) 


where V(x;!, s;), is a real-valued function that denotes 
the mean utility associated with participation; e(x;}, 
s;) is a random component in utility; x;! is a vector of 
observed attributes associated with participating in 
CRP; ands; is a vector of socioeconomic characteristics 
of the farmer or the farm. The utility of  non- 
participation (superscript 0) can be expressed as: 


U,° = V(x,°, s)) + e(x;°, s)), (2) 


where x;° is a vector of observed attributes associated 
with nonparticipation. 


A farmer will likely join the program if: 


U!> U2 (3) 


Because the utility values are stochastic, the event 
that condition 3 holds will occur with some probability 
rather than with certainty. That is, the event that the 
i farmer will participate in the program (P;,') is 
determined from the condition, 


P;} = Prob [ U;} >U,° J ’ (4) 
or substituting in equations 1 and 2: 


P;! = Prob [ e(x;°, s;) - e(x;', s;) 


< V(x;!, s,) - V(x,9,s))] . (5) 


The form of the function V is based oni the theory of 
individual choice behavior. For the purposes of this 


empirical analysis, V is assumed to have the following 
linear functional form: 


Mie EP ay = Bk «9h k=1,....,K,(6) 


where Z(x ,s)’ isa 1 by K vector of empirical functions 
that are used for transforming the data, b isa vector of 
unknown parameters to be estimated, and K is the 
number of explanatory variables. 


A parametric functional form for P;! can be derived 
by specifying a parametric joint distribution function, 
say G, for the stochastic terms in equation 5. Commonly 
used distribution functions are the cumulative normal, 
logistic, and Cauchy. The form of the function G is 
influenced by concern for computational simplicity, 
and, in this study, the logistic function was selected 
for G. This produced the following binary logit 
probability function of participation: 


pl = ! ’ (7) 
1 + exp[b’ Z(x}, s) - b’ Z(x®, s)] 





or by inverse transformation, 


1 


-}’ 0). 
log — = b’ [Z(x®, s) - Z(x}, s]. 





Here, b,’s measure the effect of each of the k 
independent variables on the log of the odds of 
participating in the CRP versus not participating. 


Explanatory variables fall into two categories. The 
first category has variables that measure the attributes 
of each choice as perceived by the individual decision- 
maker (vectors x! and x°). The second category has 
variables that measure the farm’s and farmer’s 
characteristics (vector s). 


Attributes of Choice 


An obvious element of vectors x! and x? is the net 
return the farmer expects from participation and 
nonparticipation in the CRP for the duration of the 
contract. If farmers participate, they can expect a 
return equaling the guaranteed annual rental payment 
from the Government for each acre enrolled in the 
CRP minus the costs of maintaining a conservation 
cover. Boggess suggests additional benefits to CRP 
participation. Some farmers can receive nonmonetary 
as well as monetary benefits from the CRP by allowing 
wildlife activities on suitable CRP-enrolled acres. 
Labor and management released from CRP acreage 
can earn off-farm income. Farmers with trees planted 
as a CRP cover can receive additional revenue if the 
trees are harvested and marketed after the contract 
expires. Costs associated with CRP participation 
involve establishing and maintaining vegetative cover 
on the enrolled acres, plus any additional costs, such 
as the opportunity cost of the immobile factors of 
production that will be idled. With these costs and 
benefits of CRP in mind, the present value of the net 
return under the standard 10-year CRP (7!) par- 
ticipation period can be expressed as: 


10 PNR, 


t=1 (l1+r)! 


where PNR, is the expected per acre net return under 
CRP in year t, and r is the discount rate. 


The expected revenue under nonparticipation depends 
on the expected revenue from producing crops on the 
CRP-eligible land. The expected revenue is determined 
by the market or support price and the actual or 
program yield for the crops, depending on whether 
the farmer is participating in other Government 
programs. Therefore, expected net revenue of non- 
participation (CNR) is the expected revenue from 
crop production minus production costs. If farmers 
participate in support programs, the opportunity cost 
of land taken out of production under the Acreage 


Reduction Program (ARP) must also be subtracted 
from the expected revenue from crop production. The 
present value of the expected net return outside CRP 
(7r°) for the same 10-year period can be expressed as: 


10 CNR, 
>» ——ee | © 
t=1 (l1+r)! 


71% = 


In equation 8, then, 7° and 77! are the single elements 
of vector x°and x!, respectively. The discount rate for 
the net present value of calculations of participation 
and nonparticipation net returns may be different (4). 
The revenue from CRP is certain, therefore a risk-free 
discount rate can be used. Uncertainty of income from 


crop production may call for use of a discount rate that 
includes a risk component. 


Attributes of Farms and Farmers 


In the second category of explanatory variables (vector 
s), several candidates may affect the probability of 
CRP participation. These candidates include such 
farm characteristics as land value, farm size, and 
erosion rate, and farmer characteristics, such as age 
and tenure status. 


The decision to participate in the CRP may be inversely 
related to the market value of cropland. Farmers who 
wish to sell land enrolled in the CRP must reimburse 
the Government for CRP payments received if the 
new owners do not keep the land in the program. So, 
farmers may be reluctant to participate if their land 
has a high market value. 


The size of the farm may also be related to farmers’ 
CRP enrollment. Larger farms have greater capital 
investment that may not be easily disposed of or put to 
alternate uses if land is retired from production under 
CRP (14). Having large capital investment effectively 
increases the cost of the CRP participation. 


The average annual rate of erosion on the farm may 
have a positive effect on CRP enrollment. Farmers 
who have highly erosive lands may be more sensitive 
to erosion problems and, therefore, more inclined to 
participate in the CRP. Also, CRP provides farmers 
with a means of retiring highly erodible cropland in 
order to the meet the conservation compliance 
provision of the Food Security Act of 1985. Con- 
servation compliance requires farmers with highly 
erodible cropland to obtain an approved soil con- 
servation plan by January 1, 1990, and to fully 
implement the plan by January 1, 1995. Failure to 
comply causes producers to lose eligibility for USDA 





program benefits for their entire farming operation 
during the years not in compliance. Conservation 
compliance results in a more cost-effective CRP 
because farmers who are subject to compliance should 
be willing to accept lower rental payments for retiring 
their highly erodible cropland. 


A farmer’s age may have either a positive or a 
negative effect on the CRP enrollment decision. Young 
farmers may be more willing to experiment with new 
alternatives to farming and thus may be more likely to 
participate in the CRP. Compared with older farmers, 
young farmers may have more and higher paying job 
opportunities in the labor market should they decide 
to participate in the CRP and pursue alternative 
employment. The young farmers are likely 
to have a higher debt-to-asset ratio compared with 
older farmers and may want to cut their debt by 
enrolling cropland in the CRP. Older farmers, on the 
other hand, may have fewer risks than young farmers, 
and would participate in the CRP to assure a 
guaranteed income on enrolled land for 10 years. 
Upon retirement, older farmers may choose to enroll 
land in the CRP as a means of reducing the area 
farmed. Therefore, no sign was speculated for the 
coefficient of the age variable. 


A farmer’s tenure status may also have an effect on 
CRP enrollment (7). An owner-operator has both 
labor and capital invested in farming. A nonoperating 
owner (landlord) does not have labor invested and 
may not have capital invested. The transaction cost of 
joining the CRP will be higher for the owner-operator 
than for the nonoperating owner, unless alternative 
uses for capital and labor can be found. Nonoperating 
owners are more likely to enroll their eligible land 
into the CRP than owner-operators. In equation 8, 
then, land value, farm size, farmer’s age, erosion rate, 
and tenure are the elements of vector s. 


Data 


The model requires data on CRP-participating 
farmers and on nonparticipating farmers. Data on the 
participating farmers, such as net return under CRP 
and farm and farmer characteristics, are available 
from ASCS. However, no nationwide data exist on 
farmers who are eligible but not in the CRP. The 
model, therefore, could not be estimated using the 
individual farmer as the observational unit because 
only participating farmers were observed. 


The model can be estimated, however, if the observa- 
tional unit is defined as a cell consisting of a group of 
CRP-eligible acres for farms and farmers that share 


8 


similar characteristics. The dependent variable takes 
on a value equal to the proportion of acres enrolled in 
the CRP out of the total eligible CRP acres in that cell. 
Each explanatory variable takes on a value equal to 
the mean for the group of farms and farmers in that 
cell. The statistical estimation is then based on the 
interregional variations in the CRP participation 
rates, and average farm and farmer characteristics. 
Therefore, statistical inference on CRP participation 
can be made only at the regional level rather than at 
farm level. That is, the estimated model predicts the 
proportion of eligible acres that will be enrolled into 
the CRP in a region, given the average levels of the 
explanatory variables in that region. 


For this study, a cell consists of the farms and farmers 
located in each Major Land Resources Area (MLRA). 
USDA’s Soil Conservation Service has established 
156 MLRA’s covering the Nation. Each MLRA 
comprises several counties and often crosses State 
boundaries. MLRA’s were chosen as the unit of 
observation rather than counties since the data we 
used to establish CRP eligibility were not statistically 
reliable at the county level. The boundaries of the 
MLRA’s are defined so that the soil characteristics 
and growing conditions are similar within an MLRA. 
This similarity allowed the use of the MLRA mean 
value for variables, such as net returns, land value, 
and erosion, as the representative values in a given 
MLRA. The use of the mean value as the representative 
value for tenure, farm size, and age was not as 
defensible. However, there is a sufficient amount of 
variation in all the explanatory variables across 
MLRA’s so that estimation of the model is statistically 
meaningful. 


Total CRP-eligible acres in each MLRA were cal- 
culated from the 1982 National Resources Inventory 
(NRI) data. Acres enrolled in the CRP were obtained 
from ASCS. From these data, the dependent variable, 
P;!, can be constructed in the following way: view the 
eligible acres in MLRA i as multiple observations n; 
corresponding to (x; ,s;)and assume that in m, of those 
acres, the event (enrollment in the CRP) occurred. 
Then the empirical probability of participation P,} 
(the dependent variable) equals m,/n; (8). 


Average MLRA net returns under CRP participation, 
PNR,, were calculated as the weighted average of 
individual net returns in each MLRA. Individual net 
returns under participation equal Government CRP 
payments minus the farmer’s cost for initial cover 
establishment and annual cover maintenance. We 
assumed that participating farmers would find other 
uses for their farm’s fixed assets or sell them at a fair 
market price so no capital cost is subtracted from 
CRP revenue. Government payments and establish- 





ment cost figures were obtained from ASCS records 
of individual CRP contracts. Ervin provided an 
estimate of per acre maintenance cost estimates (3). 


Average net return for the nonparticipants in an 
MLRA, CNR,, was calculated on the basis of net 
return to crops, including hay and forage used for 
livestock, grown in that MLRA. Crop-specific net 
returns were calculated using county average crop 
yields and State market prices of crops obtained from 
USDA’s National Agricultural Statistics Service. 
ASCS furnished the crop loan rate (by State) and 
national deficiency payments. Detailed State crop 
budgets were provided by USDA’s Economic Research 
Service (ERS). For program crops, the effective 
prices received by farmers in each State were cal- 
culated as the weighted average of the market and 
target prices. The proportion of participating and 
nonparticipating acres in crop programs were used as 
weights. Where an MLRA crossed a State boundary, 
crop prices and budgets for the MLRA were calculated 
as a weighted average of the respective States’ prices 
and budgets. Each State’s contribution to the total 
acreage of the crop in the MLRA was used for 
weighting. The net return to a crop in an MLRA was 
then calculated as the return to land and management. 
A typical net return a nonparticipant should expect in 
an MLRA (CNR;,) is the weighted average of in- 
dividual crop net returns in that MLRA. The crops 
included in the analysis were corn, wheat, sorghum, 
barley, cotton, soybeans, oats, and hay. 


We calculated the land value variable as the weighted 
average of county land values in each MLRA. The 
ERS County Land Value Survey contains the annual 
county land value estimates. The erosion variable was 
calculated as the average annual soil loss (tons/acre) 
from sheet, rill, and wind erosion aggregated to the 
MLRA level from 1982 NRI data. We aggregated the 
remaining explanatory variables to the MLRA from 
the 1982 Census of Agriculture. The tenure variable 
was calculated as the ratio of crop acreage occupied 
by full tenants to total crop acreage in a given MLRA. 
“Full tenant” is defined as farm operators that rent all 
the land that they cultivate. Acreage cultivated by full 
tenants is identical to acreage owned and rented out 
by the nonoperating owners. The farm size and age 
variables became the average farm size and the 
average age of farmers in a given MLRA. 


Estimation 


We estimated the model by using data from the first 
three CRP signups held in 1986. The more recent data 
were not included in the analyses for two reasons. 
First, in the initial signups, farmers did not have the 


knowledge of the bid caps. Therefore, their bids were 
more likely to represent their true reservation price. 
Second, in some counties, after the third signup, the 
maximum acreage enroliment limits of 25 percent 
were being reached, and this kind of constraint could 
not be successfully incorporated into the model. 


Several expectation formations for PNR and CNR 
were tried in preliminary analyses, and the naive 
expectation formation was selected. Thus, the expected 
net returns in 1986 were presumed to equal actual 
1985 net returns. The expected net returns were 
assumed to stay constant over the 10-year CRP 
contract period. Assuming net returns stayed constant 
over the duration of enrollment meant net returns 
from 1 year were used instead of the present value 
over 10 years. This simplifying assumption produces 
similar statistical results and implicitly discounts 
both PNR and CNR at the same rate. The actual 
equation used for estimation took the following form: 


by + b, (CNR, - PNR,) 

b, LANDVALUE, 

bs TENURE, + b, FARMSIZE, 
b; AGE; + bsEROSION, + u;. (9) 


Equation 9 was estimated using the “minimum logit 
chi-square” method. This method involves applying 
weighted ordinary least squares (OLS) to equation 9. 
The estimator is consistent and asymptotically normal 
(8). Weights are equal to the variance of the error term 
which was estimated as: 


Var(u,) = 1/ (ngP;-P). 


Results and Implications 


Table 1 shows the regression results for the first three 
CRP signups. Estimated coefficients were signifi- 
cantly different from zero at the 1-percent level for 
(CNR, - PNR;), LANDVALUE, TENURE, FARM 
SIZE, and AGE, and at the 5-percent level for 
EROSION. All a priori expectations for the signs of 
coefficients were confirmed. Two statistical tests 
were used to determine the explanatory power of the 
model. The first was the pseudo-R? which equals 
(WSSR, - WSSR,) / WSSR,, where WSSR, and 
WSSR,, are the weighted residual sum of squares 
from the constrained model (that is, all the coefficients 
except the constant term are set to zero) and the 
unconstrained model (that is, the model that is being 
estimated), respectively. This measure indicated that 
69 percent of the variation in the dependent variable 
came from the model’s explanatory variables. As a 





Table 1—Estimates of the parameters of the CRP 
participation decision model 





Coefficient Standard Aggregate 


Parameter estimates! errors elasticity 





INTERCEPT (signup 1) 1.7989 _—2.84620 

INTERCEPT (signup 2) 2.9380 2.84430 

INTERCEPT (signup 3) 3.3638 2.84310 

(CNR - PNR) 0102! .00218 -0.5534 0.3225 
LANDVALUE -.00072 .00006 -.446 
TENURE 12.0520? 2.11130 1.690 
FARMSIZE -.00032 .00006 -.316 
AGE -.15802 .05550 -6.950 
EROSION .0425° 02570 390 





Pseudo -R? = 0.69 
x2,= 223.70 


1Coefficients measure the effect of the variable on the log of the 
odds of participation divided by the odds of nonparticipation. 

“Significant at 1-percent level. 

3Significant at 5-percent level. 

‘Elasticity of participation with respect to CNR. 

‘Elasticity of participation with respect to PNR. 


second measure of the model’s significance, we used a 
chi-square statistic with k-1 degrees of freedom (k is 
the number of exogenous variables in the model). The 
statistic was calculated as -2 In(L,/L,), where L, and 
L,, are the value of the likelihood function for the 
constrained and unconstrained models, respectively. 
The magnitude of this statistic suggested that the 
coefficients of the estimated model differ significantly 
from zero. 


Equation 9 was estimated separately for each signup 
and for the first three signups combined. The coef- 
ficient estimates from different signups allowed for 
the detection of changes over time in farmers’ response 
to the explanatory variables. An F-test was applied to 
determine if the estimated coefficients of subsequent 
signups were significantly different. Such a difference 
in coefficient estimates would imply structural 
changes in farmers’ reactions to CRP participation 
between signups. The hypothesis that the slopes and 
intercepts were equal for all three signups was 
rejected at the 1-percent level. But, a further F-test 
showed that the structural change between signups 
came from changes in intercept and not in the slopes. 
This outcome suggests that although the farmers 
responded similarly to the explanatory variables in 
each signup, average participation during the first 
three signups increased due to some other factor. The 
most likely factor is the time it takes for farmers to 
learn about the CRP. Because CRP rental payments 
increased only marginally over the first three signup 
periods and the other explanatory variables pre- 
sumably remained the same, the increase in enroll- 


ment rates that occurred was probably attributable to 
growing knowledge of the program by farmers. 
Examination of the magnitude of the intercepts with 
subsequent signups shows that the marginal learning 
effect decreased with time. 


The negative coefficient value of (CNR; - PNR;) 
suggests that as the magnitude of this variable 
decreases, the proportion of acres enrolled in the CRP 
increases. The magnitude of (CNR; - PNR,) will 
decrease if net returns to CRP participation ii.crease 
or net returns to growing crops on CRP-eligible lands 
decrease. The estimated coefficient of LANDVALUE 
indicates that in areas where the price of farmland is 
high, farmers are less likely to enroll acres into the 
CRP. Farmland prices inan MLRA may be relatively 
high due to high cropland productivity or because of 
alternative uses (for example, metropolitan develop- 
ment) for the land. The positive sign of the TENURE 
coefficient suggests that nonoperating landowners 
are more likely to enro!l their eligible acres in the 
CRP than owner-operators. This finding confirms one 
of the main results of Kula (7). The negative sign of the 
FARMSIZE coefficient indicates that the rate of 
participation in the CRP by large farms will be lower 
than the participation rate among smaller farms. 
There was no a priori expectation on the sign of the 
AGE variable coefficient. The estimated negative 
sign suggests that the older the farmer, the lower the 
probability of participation in the CRP. The positive 
sign of the EROSION variable shows that the 
probability of CRP participation is higher in areas 
where the soil is eroding at a higher rate. 


Table 1 also shows the weighted aggregate elasticities 
of probability of CRP participation. The formulas 
developed by Domencich and McFadden give the ith 
farmer’s elasticity of participation, E!, with respect to 
explanatory variable k that is related to choice 1 as: 


E;\(1,k) = b,Z,}k(1 ws P;}), 
and the elasticity of participation with respect to 


explanatory variable k that is related to choice 0, is 
expressed as: 


E ;(0,k) = b,.Z;KP;°. 


These expressions clearly show two distinct elasticities 
for the choice-specific explanatory variables. The 
weighted aggregate elasticity is calculated by multi- 
plying the individual elasticities by n;P;! / . n,P;! and 
summing over i. 


A particular aggregate elasticity estimate measures 
the change in the percentage of eligible land enrolled 





in the CRP resulting from a uniform 1-percent change 
in an explanatory variable across all observations. 
For example, a uniform 1-percent decrease in land 
values in an average MLRA, ceteris paribus, would 
bring about an additional 0.466-percent increase in 
the number of acres enrolled in CRP out of the 
MLRA’s eligible acres. 


An important elasticity estimate from a policy stand- 
point is the elasticity of probability of participation 
with respect to net returns. This elasticity can be 
separated into two different elasticities: one associated 
with net returns from CRP participation (PNR) and 
the other associated with returns from continued crop 
production (CNR). Both measure the percent change 
in the frequency of acres enrolled in CRP as their 
respective net returns change by 1 percent. Inter- 
pretation of the estimates shows that farmers are 
more responsive to changes in returns from crop 
production than to changes in returns from CRP 
participation. This result may seem counterintuitive 
because CRP participation provides a guaranteed 
income while returns from crop production are usually 
more risky. USDA commodity programs, however, 
essentially provide a guaranteed price floor to partic- 
ipating farmers for the commodities they produce. If 
market prices are high, farmers can reap even greater 
profits. In contrast, while CRP participation provides 
an income floor it also imposes an income ceiling 
because rental payments are constant over the duration 
of the contract. Moreover, farmers face significant 
penalties if they wish to terminate prematurely CRP 
contracts to resume crop production. Consequently, as 
we have defined these variables, ceteris paribus, the 
farmer would prefer a $1 increase in CNR to a $1 
increase in PNR. This suggests that in the face of 
increasing returns to crop production, the Government 
has to increase CRP bid levels even faster to get more 
acres into the CRP under existing eligibility 
conditions. 


Another policy-relevant elasticity is the elasticity 
with respect to erosion. Interpretation of the elasticity 
shows that a 1-percent increase in the average erosion 
rate results in a 0.39-percent increase in the number 
of acres enrolled as a percent of total eligible acres. 
Unlike rental payments, policymakers cannot vary 
erosion rates. However, program eligibility criteria 
can be altered to target more or less erodible cropland. 
The elasticity of erosion suggests that if policymakers 
enlarge the number of CRP-eligible acres by admitting 
new acres that are less erosive, they should expect 
lower rates of participation from the additional acres. 


Conclusions 


An important policy conclusion stemming from the 
results of the model is that farmers are more 
responsive to changes in returns from crop production 
than to changes in returns from CRP participation. To 
keep pace with increasing returns tocrop production, 
the Government has to increase CRP bid levels even 
faster if more acres are to be brought into the CRP 
under existing eligibility conditions. 


Some groups, including the U.S. General Accounting 
Office, have noted that the benefits of the CRP could 
have been improved by using different eligibility 
criteria or by employing different implementation 
strategies. However, many regard the CRPasan effective 
policy instrument for achieving environmental 
benefits from the retirement of targeted acreage. The 
CRP will likely be used asa policy model for additional 
environmental legislation. Legislative bills have been 
proposed that would increase actual land devoted to 
the CRP from 40-45 million acres to 60 million acres 
through 1992 and would create a wetlands reserve 
program modeled after the CRP. The national model 
developed and estimated here could be useful in 
assessing the relative significance of the factors that 
would affect additional CRP participation, as well as 
the design and implementation of future cropland 
retirement programs similar to the CRP. 


References 


1. Boggess, W. “Implementing the Conservation Re- 
serve Provisions: Potential Risk Facing Farmers.” 
Paper presented at the Southern Regional Project 
S-180, “An Economic Analysis of Risk Manage- 
ment Strategies for Agricultural Production 
Firms.” Tampa, FL, Mar. 1986. 


Domencich, T., and D. McFadden. Urban Travel 
Demand: Behavioral Analysis. Amsterdam: 


North-Holland Publishing Co., 1975. 


Ervin, D. Personal communications. U.S. Dept. 
Agri., Econ. Res. Serv., 1988. 


Ervin, D.E.,and M.R. Dicks. “Cropland Diversion 
for Conservation and Environmental Improve- 
ment: An Economic Welfare Analysis,” Land 
Economics. Vol. 64(1988), pp. 257-68. 





Esseks, J.D., and S.E. Kraft. “Why Eligible 
Landowners Did Not Participate in the First 
Signups of the Conservation Reserve Program,” 
Journal of Soil and Water Conservation, forth- 
coming. 


Jagger, C. “The Cost of Conservation Reserve: 
Predictions and Performance.” Manuscript, 
Cornell University, Ithaca, NY, Dec. 1987. 


Kula, O. “The Conservation Reserve Program: 
Determinants of Participation.” Working paper, 
U.S. Dept. Agr., Econ. Res. Serv., Nov. 1988. 


Maddala, G.S. Limited Dependent and Qualitative 
Variables in Econometrics. Cambridge: Cam- 
bridge University Press, 1983. 


Reichelderfer, K.H., and W.G. Boggess. “Govern- 
ment Decision Making and Program Performance: 
The Case of the Conservation Reserve Program,” 
American Journal of Agricultural Economics. 
Vol.70 (1988), pp. 1-11. 


. U.S. Department of Agriculture, Agricultural 
Stabilization and Conservation Service. Conserva- 
tion Reserve Program data files, periodically 
since 1986. 


____. Land Resources Regions and Major Land 
Resources Areas of the United States. AH-296. 
1981. 


. Loan Rates, Target Prices, and Deficiency 
Payment Rates, 1974-1988 Crops. 1988. 


. U.S. Department of Agriculture, Economic 


Research Service. County Land Value Survey. 
Annual. 


____.. Economic Indicators of the Farm Sector: 
National Financial Summary, 1987. ECIFS 7-1. 
Oct. 1988. 


. A User’s Manual for the Irrigation 
Production Data System (IPDS). Staff Report No. 
89-10, Apr. 1989. 


. U.S. Department of Agriculture, National Agri- 


cultural Statistics Service. NASS County Data, 
1972-1986. 1988. 


. U.S. Department of Agriculture, Soil Conservation 
Service. 1982 National Resources Inventory. 1984. 


. U.S. Department of Commerce, Bureau of the 


Census. 1982 Census of Agriculture. 1984. 


. U.S. General Accounting Office. Farm Programs: 


Conservation Reserve Program Could Be Less 
Costly and More Effective. GAO/RCED-90-13, 
Nov. 1989. 





Poultry-Related Price Transmissions and 


Structural Change Since the 1950's 
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Abstract. We use a vector autoregression analysis of 
corn price, farm poultry price, and consumer poultry 
(meat) price for two periods, a mid-1950’s to late 1960's 
period and an early 1970's to mid-1980’s period. We 
explored the dynamic aspects of the estimated price 
transmission models of these two periods. Statistically 
significant evidence suggests a change in the dynamics 
of these price transmissions between the two periods. 
Price-increasing shocks to corn production are now 
more likely to be passed on to consumers more quickly 
as prices increase. Evidence also suggests that, since 
the early period, corn has become an increasingly im- 
portant factor in explaining poultry prices, and sub- 
stantial market change has occurred in the poultry 
industry at the retail level. 


Keywords. Corn/poultry price dynamics, vector auto- 
regression, Tiao-Box likelihood ratio tests, Kloek-Van 
Dijk Monte Carlo methods, industry structural change. 


When a policymaker considers alternative policies for 
a sector, the economic dynamics of the sector under 
consideration may influence the final decision. Under- 
standing the nature of farm/nonfarm price trans- 
missions is vital to competent policy formulation. For 
certain farm sector shocks, the time required for the 
farm price to affect the prices in the economy’s other 
sectors (reaction times), as well as the directions, 
patterns, and durations of subsequent price responses, 
may influence the nature of the policy chosen. For 
instance, suppose the shock- were a drought and the 
feed-livestock-meat agents were organized into a 
perfectly competitive market system of price-taking 
producers and consumers. Some livestock producers, 
faced with higher feed costs, may liquidate herds. In 
the short term, one would expect lower livestock and 
meat prices from increased slaughter but higher 
prices in the longer term after the short-term glut 
passes. An appropriate policy response to such condi- 
tions could be feed subsidies or transportation aid for 
moving feed into drought areas. 


Some agents in the system, however, may hold suf- 
ficient market power such that distressed selling does 
not occur and cost increases get passed to the con- 
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sumers. The appropriate policy response now differs 
from the first case. The policy response may instead 
focus on protection from abuse of market power 
through investigation and prohibition of price gouging. 
Thus, research that identifies the nature of the price 
transmission mechanisms provides useful economic 
intelligence for choosing the appropriate policy 
instrument. 


We focus on the price transmission mechanisms 
linking farm corn price (PC), livestock or farm poultry 
price (PL), and consumer or meat price for poultry 
products (PM)! (the “corn/poultry,” or PC-PL-PM, 
price transmission mechanism). We address char- 
acteristics of the corn/poultry price transmission: 
(1) the time required for a farm-level corn price shock 
to influence farm poultry and consumer meat prices 
(reaction time), (2) the direction and patterns in these 
responses of farm poultry and meat prices, (3) the 
statistically significant durations of responses in farm 
poultry and consumer prices to a farmgate shock in 
corn prices, (4) similarities and differences in price 
response patterns across the farm poultry and con- 
sumer poultry sectors, and (5) any evidence on whether 
the PC-PL-PM transmission mechanism has changed 
over time. 


While our approach identifies the nature of these 
price transmissions, explaining the reasons for the 
nature of the identified transmissions remains for 
further research using models with more economic 
structure. We provide an initial phase for such inquiry. 
To facilitate such further research with more 
structural econometric methods, we discuss our 
dynamic results in relation to observed post-1950 
changes in the poultry industry. 


We apply vector autoregression, or VAR, econometrics 
throughout our study. We found that this method is 
appropriate because the data-oriented technique 
provides evidence on the dynamic properties of rela- 
tionships. Static theory and more structurally oriented 
econometrics ignore these dynamic properties of rela- 
tionships or, at best, treat them in an ad hoc manner. 


VAR Econometrics 


Under rather general conditions, an m-component 
vector, indexed by time t, admits an autoregressive 





1Unless otherwise stated, “farm poultry” and “consumer” (or 
“meat”) prices are those of poultry products. 
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representation generally expressed as equation 1 (3).? 
(Note: underlined characters represent matrices or 
vectors.) 


x(t) = SUM(s=1,inf)[b(s)*x(t-s)] + e(t), (1) 


where, SUM(s=1, inf) is the summation operator for 
variable “s” over the range of 1.0 through infinity 
(inf). The b(s) are m*m matrices of autoregressive 
(AR) regression coefficients, and e(t) is an m-element 
vector of white noise residuals or innovations.? The 
white noise nature of e(t) satisfies equations 2 and 3 
(2,3,4). 


E(e(t)) = O for all t, and (2) 


E(e(t)e(s)’) = O if t does not equal s; 
= §, a positive-definite, m*m 
covariance matrix when t=s. (3) 


“EK” signifies the expected value operator. For applied 
work, equation 1’s infinite lag sequence must be 
truncated to a number small enough to be operational 
but large enough for the residuals to approximate 
white noise (2, p. 112). A universally accepted method 
of VAR lag selection, however, does not exist (3). One 
choice used with some success is the Tiao-Box like- 
lihood ratio test. Bessler (3) discusses the test’s 
properties and suggests its use in applied problems. 


Compared with more conventional, structural econ- 
ometric anaiyses, VAR econometrics is a relatively 
new approach that reveals empirical regularities 
from time-ordered data. The approach imposes few or 
no a priori (theoretical) restrictions on data inter- 
relationships. Rather, VAR models loosely utilize 
theory to suggest which variables constitute a dynamic 
system in equation 1. All variables in the system are 
initially considered endogenous, that is, each variable 
influences itself and all others in the system, with 
lags. 


Estimated VAR Model, Data Sources, and 
Scenario Design 


Equations 4, 5, and 6 provide athree-variable VARof 
corn price (PC), farm poultry price (PL), and consumer 





2Italicized numbers in parentheses cite sources listed in the 
References at the end of this article. 

3Innovations in a VAR context differ from the usual economic 
meaning of innovation. Rather than meaning the deliberate intro- 
duction of a new economic process expected to continue for some 
indefinite future in the economic system, innovation in the VAR 
context refers to an unexpected “surprise” or shock, perhaps 
random, to the economic system. VAR econometrics then models 
the adjustment path as this shock reverberates throughout the 
economic system and eventually decays. 
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or poultry meat price (PM). To allow us to investigate 
potential changes in price transmission, we formulate 
the monthly VAR model for two periods, an “early” 
period and a “recent” period defined below: 


PC, =a.9+ a,7*TRD 
* * 
+ a1 PC Fo. tac PC, 
+ Be kt1 Pls Vin0% ook PL, 
+ Ae oe *P My +... + Ae.3*PMy yt Cy (4) 


= 107 aur! TRD 20 
FapprGst...F apy ry, 
+ ar yes*PLi +... + a1 o*PL 
Let Sata © Bia tek 
+ apo" PM,)+...+ apg."PMi, +L, (5) 


= amos Snr TRD _ 

+ amr PO... + am POLK 

+ anertPLys +. +. + on” PLiy 

+ Am,2k+1 PM,., a 4m,3k PM, + mM. (6) 


The variables PC, PL, and PM are defined above. All 
a-coefficients are regression coefficients; thec, L, and 
m subscripts on the a-coefficients refer to the PC, PL, 
and PM variables, respectively. TRD is a time trend 
capturing time-dependent influences not of direct 
concern to this study. The coefficients with a nought 
subscript are intercepts. The c,, L,, and m, are the 
innovations for the PC, PL, and PM equations, 
respectively. We accounted for seasonal effects with 
11 monthly indicator variables. Data are in natural 
logarithms. The k is the chosen lag number. 


For this paper, we used more than 30 years of monthly 
price data. We used these data in natural logarithm 
(logged) form because the percent changes of the 
series are more apt to be stationary processes than the 
actual levels of the data. 


For the corn price at or near the farmgate (PC), we use 
the Bureau of Labor Statistics (BLS) producer price 
index (PPI) (farm products index, corn no. 2 at 
Chicago category (“farmgate” corn price)). The PPI 
(farm products index, live poultry category) serves as 
the livestock or farm poultry price (PL). The consumer 
price index (CPI) (all urban consumers index, poultry 
category) is the consumer or meat price for poultry. 
Doan and Litterman’s package, Regression Analysis 
of Time Series (RATS), generated all VAR econo- 
metric results (7). 


We used aseveral-phased procedure to obtain evidence 
related to answering the questions about the corn/ 
poultry price transmission. First, we estimated a 
monthly corn/poultry price VAR (equations 4, 5, and 
6) for two periods: an “early” period from the start of 
1956 to the end of 1968 (1956:1-68:12) and a “recent” 





period (1973:1-85:11) (the early and recent models, 
respectively).4 Choosing these periods allowed about 
half our sample of overall data for each period and 
provided the maximum numbers of observations for 
both VAR models. Also, the cutoff between the two 
periods roughly coincided with the early-1970’s start 
of intensive poultry marketing efforts by restaurant 
and fast-food outlets (12, p. 14). Tiao and Box’s (14) 
likelihood ratio tests, conducted at Lutkepohl’s (11) 
suggested 1-percent significance level, suggest a one- 
order lag for the early model and a six-order lag for 
the recent model. So in equations 4 through 6, k or the 
lag number for each variable, is one for the early 
model and six for the recent model. 


Second, we shocked the early and recent VAR’s witha 
one-time increase in corn price. We analyzed the 
resulting impulse responses across prices within each 
of the two models, and then across the two models. 
This comparison provided reaction times, durations, 
and patterns in responses of farm and consumer 
poultry prices to corn price changes, as well as 
changes in these response patterns between the two 
periods. 


Third, we used Sims’ (13, p. 17) test of “structural 
change” to determine whether or not VAR coefficients 
have changed since the 1950’s. Results not only suggest 
whether price structure has changed but where such 
change has occurred (in crop, farm poultry, and/or 
retail sectors). 


Fourth, we analyzed forecast error variance (FEV) 
decompositions both across each VAR’s component 
series and then comparatively across the early and 
recent models. These results suggest the strength of 
interrelationships among prices and how the nature 
of these price interrelationships have changed between 
the early and recent periods. 


Influences of a Shock in Corn Price 
The impulse response function simulates, over time, 


the effect of a one-time shock in one of a VAR’s series 
on itself and on other series in the system (3). We 





4Throughout, the number following a postyear colon refers to the 
month, with “1” representing January and “12” representing 
December. The following observations were saved as validation 
periods to ascertain the models’ out-of-sample predictability relative 
to naive forecasts: 1969:1-1971:9 for the early model and 1985:12- 
1988:9 for the recent model. Forecasts were evaluated for both 
VAR’s at the 1-, 2-, 6-, 12-, and 18-month horizons. Each equation 
(except the early PM) generated Theil-U statistics which about 
equaled, or were less than, unity at most of these horizons. 
Generally, the equations predicted well out-of-sample relative to 
the naive model. 


shocked each VAR by a standard error (increase) of 
the historical innovation of farmgate corn price. We 
normalized the impulse responses of each variable by 
the standard deviation of each variable’s historical 
innovation (hereinafter, the variable’s standard error). 
The non-normalized impulse responses are percent 
changes in nonlogged indices. When normalized, 
these impulse responses become approximate percent 
changes in the standard error. Hence, if the normalized 
impulse of one price is larger (smaller) than another 
price’s normalized impulse, then the second price has 
been more (less) “traumatized” or influenced by the 
initial corn price shock. 


We imposed a Choleski decomposition on each VAR to 
orthogonalize the current innovation matrix, such 
that the variance/covariance matrix of the trans- 
formed current innovations is identity. We ordered 
the series as follows: corn price, farm poultry price, 
and consumer price in each VAR model. This ordering 
assumes that, in contemporaneous time, if a casual 
pattern does exist, it flows from corn price to farm 
poultry price to consumer price. Monte Carlo methods 
developed by Kloek and Van Dijk (8), and programmed 
by Doan and Litterman (7), generated a t-statistic for 
each impulse response. 


Figures 1 and 2 provide responses in poultry prices 
from a standard error rise in corn price. Circled 
impulse responses are statistically different from zero 
at the 10-percent level of significance. We emphasize 
these statistically significant portions of the impulse 
response patterns in our analyses. Panels la and 1b 
provide the farm poultry price impulses of the early 
and recent models. Panels 2a and 2b provide the 
impulses in consumer poultry price for the early and 
recent models. Note that both figures present changes 
in, and not levels of, price indices. 


Impulse Responses in Farm Poultry Price 


During the early period, panel la suggests that a 
positive shock to corn price generated 6 months of 
declines in farm poultry price. Eventually, the early 
model’s price declines approached zero, and then 
prices began to increase. Early model impulses in PL, 
however, were not statistically significant from zero. 


This earlier period’s patterns of impulse responses 
parallel those expected where producers are price- 
takers in a perfectly competitive industry. Poultry 
producers, having faced higher feed costs, marketed 
birds early. These earlier than expected marketings 
led to price-depressing higher slaughter (“expense- 
induced” slaughter). This expense-induced slaughter 
would give a pricing pattern similar to that observed 
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Figure 1 
Changes (impulse responses) In livestock 
poultry price 


Percent, standard error 
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Panel 1b: Changes in livestock 
pouitry price, recent model 


























in the early VAR’s initial half-year of farm poultry 
price reductions. 


During the recent period, increased corn price 
generated farm poultry price impulses that differed 
from early VAR impulses. They differed in direction 
(increases instead of decreases) and the impulses were 
statistically significant. The recent VAR’s farm 
poultry price rose in a significant manner for 5 
months. (Six of the first eight impulses in the recent 
model’s PL were significant.) 


A comparison of panels 1a and 1b suggests that, in 
terms of PL’s innovation standard error for a period, 
the corn price shock influenced the farm poultry price 
to a greater degree in the recent VAR than in the early 
VAR. 


Two points summarize this section’s results about 
farm poultry price impulses to a positive shock in corn 
price. First, the effects of corn prices on farm poultry 
prices drastically changed between the early and 
recent periods. These responses in farm poultry price 
changed from 6 months of statistically insignificant 
declines to about a half year of mostly significant 
increases, a change in response patterns consistent 
with a change from an industry of many small, price- 
taking producers to an industry where producers had 
the market power to pass on cost increases. And 
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Figure 2 
Changes (impulse responses) In consumer 
poultry price 


Percent, standard error 
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Panel 2a: Changes in consumer 
poultry price, early model 
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Panel 2b: Changes in consumer 
poultry price, recent model 




















second, corn price shocks had far less influence on PL 
in the early period than in the recent period.® 


Consumer Meat Price Responses 


Consumer price impulses from the initial rise in PC 
closely mirrored farm poultry price response in each 
of the two models (figs. 1 and 2). As with farm poultry 
prices, consumer poultry prices took directionally 
opposite response patterns in the early and recent 
VAR’s. The early model’s consumer price fell in an 
insignificant manner for 7 months after the initial 
increase in farmgate corn price. Presumably, expense- 
induced slaughter’s effects on PL filtered through to 
prices of retail poultry products. Yet response patterns 
reversed in the recent period, with consumer price 
having increased for about 5 months in a largely 
significant manner. Corn price increases influenced 
the recent period’s consumer poultry price to a far 
greater extent than the early period’s consumer 
poultry prices. 





5A price’s impulse responses are normalized by the standard 
error of that price’s historical innovation for the model’s sample 
period, and such innovation standard errors in the recent model 
exceed those of the early model for all modeled prices. Comparisons 
of absolute values of non-normalized impulses also suggest that 
— model impulses in PL and PM exceed those of the early 
model. 





Formal Evidence of Structural Changes 


We tested coefficient constancy or “structural change” 
since the 1950’s with the procedure of Sims (13, p. 17). 
We specified a “reduced” model for PC, PL, and PM, 
and estimated it over the 1954:1-1985:11 period with 
ordinary least squares. This “reduced” model differs 
from a “full model,” since the full model includes test 
variables which were not in the reduced model. These 
variables are: IND; IND*PC(1), ... ,IND*PC(6); 
IND*PL(1), ... , IND*PL(6); IND*PM(1), ... , 
IND*PM(6). IND is an indicator variable valued at 
unity after December 1970 and at zero otherwise. The 
asterisk denotes the multiplication operator. The 
parenthetical number denotes lags. A “fuli-vs.-reduced 
model” F-test was then implemented for the test 
variables. The null hypothesis is that the test variable 
coefficients are, as a group, zero, thereby implying no 
structural change. One rejects the null of no structural 
change for F-values greater than the tabular F(19,333) 
of 1.58 for the chosen 5-percent significance level. 


Evidence was insufficient to suggest that coefficients 
changed in the corn price and the farm poultry price 
relations. The F-values (1.09 for PC and 1.25 for PL) 
were less than 1.58. With a 2.79 F-value, evidence was 
sufficient to suggest structural change at the retail 
(PM) level. These results indicate that at least part of 
the cause for the directionally opposite patterns in the 
two model’s price responses may have risen from 
retail-level changes. 


Decompositions of FEV 


Analysis of decompositions of FEV identifies the 
interrelationships within a modeled system’s time 
series (13). Error decompositions attribute within- 
sample error variance to alternative series, giving a 
measure useful in applied work. We calculated FEV 
decompositions for k-step-ahead forecasts for the 
early and recent models (table 1). 


Corn price was largely exogenous in both VAR’s. The 
percentage of PC’s FEV attributed to its own error 
exceeded 73 percent at all reported horizons. 


One difference among the past and recent patterns of 
FEV decompositions was particularly evident. Farm 
poultry and meat prices had negligible FEV pro- 
portions attributed to farmgate corn price in the early 
period but much larger proportions so attributed in 
the recent period. The influence of corn price on 
poultry prices has increased between the two periods. 
This evidence underscores the greater statistical 


Table 1—Proportions of FEV k months ahead allocated 
to innovations in respective series, early and 
recent composite model estimations 





Percent explanation from 





Variable name_ k wey PC PL PM 
“Karly” VAR 

estimated over 

1956:1-68:12: 


Corn price(PC) 1 0.0506 
6 .0707 

12 .0777 

18 .0809 

24 .0825 

35 .0835 

36 .0835 





Farm poultry 

price (PL) 1 .0576 

6 .0750 

12 .0820 

18 .0848 

24 .0860 

35 .0867 

36 .0867 


Consumer meat 

price (PM) 1 .0277 

6 .0434 

12 .0498 

18 .0523 

24 .0533 

35 .0539 

36 .0539 


“Recent” VAR 
estimated over 
1973:1-85:11: 


Corn price (PC) 1 
6 


12 
18 
24 
35 
36 


Farm poultry 

price (PL) 1 

6 

12 

18 

24 

35 

36 


Consumer meat 

price (PM) 1 

6 

12 

18 

24 

35 

36 








significance of the recent model’s PL- and PM-impulse 
responses. 


Both the early and recent VAR’s suggest a minor 
feedback relationship from consumer price to farm 
poultry price. The proportion of the farm poultry 
prices FEV attributed to consumer meat price 
reached 23 percent in the early model and 12 percent 
in the recent model. 


Consumer poultry price became more endogenous 
between the early and recent periods. In the early 
model, meat price was largely exogenous, with more 
than 57 percent of FEV having been self-attributed at 
all reported horizons. In the recent VAR, the meat 
price was largely endogenous with no more than 
about 22 percent of its FEV being self-attributed at 
horizons beyond 1 month. 


A Collation of Results With Post-1950 
Trends in the Poultry Industry 


Our results concerning impulse responses, change in 
structure, and FEV decompositions strongly suggest 
that something substantial has changed in how acorn 
price shock pulsates through the poultry-related 
noncrop economy. Beginning with an increase in corn 
price, farm and retail poultry prices declined in a 
statistically insignificant manner for about 6 months 
in the early model. In the recent model, under the 
same conditions, both poultry prices not only rose for 
roughly 6 months, but most of these increases were 
statistically significant. Since the early period, 
perhaps producers have developed an ability to pass 
on corn-based feed cost increases to consumers, an 
ability whose existence was not evident in the early 
period’s data. The change-of-structure test results 
suggest changes at the consumer or retail demand 
level. Patterns of FEV decompositions suggest that a 
more direct link has developed (since the early period) 
between corn price and the farm and retail poultry 
prices. This result underscores the higher levels of 
statistical significance in the impulses of both poultry 
prices to a corn price shock with the recent model than 
with the early model. The FEV decompositions 
suggest that retail price is more endogenous to the 


modeled system in the recent rather than in the early 
period. 


Our data-oriented model has revealed that substantial 
and statistically significant changes have occurred, 
but the nontheoretical VAR models do not determine 
why such changes evolved. We can offer some potential 
reasons based on several patterns observed since the 
1950’s and concerning change in market structure on 
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both the demand and supply sides of the U.S. poultry 
industry. Most of the patterns we discuss are for 
broiler and turkey prices. These two are the primary 
elements comprising the composite poultry prices at 
the producer and retail levels.® 


Many demand- and supply-side changes have occurred 
in the poultry industry since the 1950’s. These demand- 
and supply-side events are potential reasons for the 
changes we found in poultry price response patterns, 
in the dynamic characteristics of corn/poultry price 
interrelationships, and in the changing structure of 
the retail price equation. On the supply side, observed 
technological advancements have shifted poultry 
supply rightward. Demand-side changes have also 
occurred in the forms of both demand shifts and 
movements along these shifting relations. Changing 
poultry demand and changing broiler supply curves 
have interacted to generate newer and different 
equilibria since the 1950’s. Our VAR models cannot 
discern the exact roles which such events have played 
in the data-embedded changes. We leave this task to 
more conventional econometric efforts which specif- 
ically address theoretical market structure issues. We 
have accomplished the first step in this overall inquiry 
by having uncovered evidence that points to sufficient 
changes to warrant such inquiry. 


Observed Supply-Oriented Events 


Lasley (9), the National Broiler Council (12), and 
Coffin, Romain, and Douglas (6) mention several post- 
1950 changes in the supply side of the poultry industry. 
These events are advancements in poultry production 
technology, increased flexibility of poultry supply 
through broiler product specialization, and more 
standardized poultry output quality from more ver- 
tically integrated poultry production. 


Lasley (9, pp. 7-14) notes that over the last several 
decades, technologically induced production expansion 
has occurred so rapidly that producers responded 
swiftly enough to shortrun profits that prices, in the 
long run, have hovered very close to production costs. 





©The composite poultry price at the farm level is the BLS 
producer price index (PPI) (farm products index, live poultry 
category). This series is comprised of (1) the PPI (farm products 
index, broilers category) and (2) PPI (farm products index, turkeys 
category). The broiler price index has an 81-percent weight and the 
turkey price index has a 19-percent weight in the composite poultry 
price at the farmgate. The CPI (all urban consumers index, poultry 
category) serves as the composite poultry price at the consumer or 
retail level. This composite consumer price is composed of (1) the 
CPI (all urban consumers index, tresh whole chickens category), (2) 
the CPI (all urban consumers index, fresh and frozen chickens 
category), and (3) CPI (all urban consumers index, “other” poultry 
category). Weights for the composite consumer price are a combined 
81 percent for items 1 and 2, and 19 percent for item 3. 





These technological advancements are evident from 
lower input requirements for poultry production. A 
ton of feed now produces 37 percent more broilers and 
54 percent more turkey than in 1955 (9, p. 14). Labor 
input requirements per pound of broiler and turkey 
production are 2.6 percent and 3.8 percent, respec- 
tively, of 1945-49 requirements (9, p. 14). 


The second supply-side event is a more flexible supply 
through producer/processor specialization of poultry 
output (9, 12). This producer/processor specialization 
was motivated, in part, because of the various demand 
changes discussed below. Responding to consumer 
preference changes, since the early period, poultry 
supply today is composed of less of the traditionally 
demanded whole-bird product, and of more of the 
specialized or fully processed broiler products (5,9, 12). 
More fully processed products include prepackaged 
birds (whole, cut-up), packaged parts, and “further- 
processed” products (precooked, “microwavable,” and 
“cold cut” products) (5,9, 12). Since 1965, proportions 
of federally inspected slaughter slated for cut-up 
products rose from 19.3 to 42.0 percent for broilers, 
and from 7.3 to 27.0 percent for turkeys (9, p. 17). 
Since 1960, proportions of federally inspected poultry 
slaughter for further processing rose from 2.7 to 10.5 
percent for broilers and from 5.0 to 36.6 percent for 
turkeys (9, p. 17). The proportions of processors’ 
marketed broilers sold as prepackaged chilled parts 
rose from 3.4 to 16.9 percent during 1967-87 (12, p. 
14). These advancements have more than offset the 
demand-increasing events discussed below, such that 
by the early 1980’s, deflated retail prices fell short of 
1955 levels by 61 percent for broilers and by 56 
percent for turkeys (9, p. 4). 


As the third supply event, poultry output has become 
more standardized because of the increased vertical 
integration of poultry production (6,9, 12). Since the 
mid-1950’s, proportions of production that were ver- 
tically integrated rose from 90 to 99 percent for 
broilers and from 36 to 90 percent for turkeys (9, p. 8). 
The increasing concentration into fewer and larger 
poultry “producer/processor” firms may provide some 
explanation into why PL and PM responses to corn 
price movements are more statistically significant in 
the recent than in the early period. The increasing 
concentration may also explain why corn price un- 
certainty’s influence on poultry price FEV’s has 
increased since the early period. With larger diver- 
sified units came more standard blended rations. 
With the needs for large volumes of energy feed for 
these rations and the wide availability of corn as a feed 
energy source, it is natural that large volumes of corn 
would be used in these large production units. The 


more systematic use of purchased corn-based feed, 
where producers exercise more complete and more 
precise control over the poultry ration, may account 
for corn price’s more direct influences on PL and PM 
in the recent rather than in the early model. 


Observed Demand-Side Events and 
Interaction With a Changing Supply 


Several demand-side events have together resulted in 
different (often augmented) consumption patterns for 
poultry products. Some events have shifted demand 
curves rightward so that more poultry is demanded at 
each price; other events have generated actual changes 
in the nature of poultry demand. Combinations in 
demand-supply interactions have triggered events 
which have caused movements along present (and 
previous) poultry demand curves. Since the 1950's, 
these changes have coincided with strong rises in 
annual per capita consumption: from 14 to 49 pounds 
of broilers and from 4.1 to 10.7 pounds of turkeys (9, p. 
1). Either increases or changes in retail broiler 
consumption or both coincided with the development 
of consumer allegiances to brand names, ever- 
increasing poultry volumes marketed by restaurant 
and fast-food outlets, and more serious health concerns 
about beef and pork products than about poultry 
products. 


Consumer allegiance to poultry brand names has been 
increasing, and processor marketing efforts under 
these poultry brands have increased consumer 
demand. The National Broiler Council (12) provides 
data about trends in consumer allegiance since 1981. 
These data are for broilers and chicken which account 
for 81 percent of the PL and PM indices. Today, 84 
percent of poultry processors market broilers under a 
brand name, up from 71 percent in 1981 (12, p. 13). In 
1987, 52 percent of marketed broilers were sold under 
a brand name, a proportion which rose from 39 
percent in 1983 (12, p. 13). 


Another source of enhanced consumer demand for 
poultry arose from heightened marketing efforts by 
restaurants and fast-food outlets. The share of proces- 
sors’ broilers shipped to restaurants dramatically 
increased from 1.5 percent in 1960 to 13.8 percent in 
1987 (12, p. 14). 


The net effect of growing consumer demand for 
poultry and the dominance of corn as an energy source 
in poultry rations has led to broiler rations accounting 
for a larger share of domestic corn usage. For example, 
from the early 1950’s until the mid-1980’s, broilers’ 





percentage of total feed use of corn rose from 3.5 
percent to over 11.5 percent (15). 


Findings and Conclusions 


Which of the two views of the underlying market 
mechanisms discussed in the introduction correctly 
describes the effects of a price-influencing crop sector 
shock on the rest of the economy? Our second view did 
for the PC-PL-PM price transmission mechanism and 
for the recent period. 


But, we found that cur first view would have been 
correct in an earlier time. We found higher corn 
prices are passed on as higher farm poultry and 
consumer poultry meat prices. Under these cir- 
cumstances, a public policy of feed subsidies or feed 
transportation aid would benefit poultry producers 
without protecting consumers. Thus, an under- 
standing of the noncrop price ramifications of a crop 
sector shock aids policymakers attempting to formu- 
late policy to alleviate detrimental effects of, or to cope 
with, a shock to a crop sector. 


Our results focused on how acorn price shock pulsates 
through the noncrop economy, in particular for 
poultry-related products. We investigated how a corn 
price increase influences farm poultry and retail 
meat prices, and how such price dynamics have 
changed over time. 


We found that if trends observed since the early 1970's 
continue, one may expect a rise in corn price to 
generate about 6 months of farm poultry and retail 
poultry price increases. Reaction times for PL and 
PM responses are immediate. Retail poultry price 
impulses directionally mirror impulses at the farm 
poultry level. Corn price appears highly exogenous, 
while retail meat price appears highly endogenous. 
The farm poultry price greatly influences the retail 
price. We obtained these current results about the 
PC-PL-PM price transmission from the recent model. 


Another set of results concern how the PC-PL-PM 
price transmissions for poultry and broilers have 
changed since the early 1950’s. This research reveals 
that marked and statistically significant changes 
have occurred among corn and poultry price relation- 
ships over the last 30 years. Poultry price responses 
(at the farm and retail levels) to rises in corn price 
have completely reversed. We observed about 6 months 
of insignificant decreases in the early period. In the 
recent period, this has changed to about half a year of 
significant increases. 


Results may suggest that in the recent period the 
larger, more vertically integrated, and “factory-like” 
poultry producing/processing concerns are now some- 
how able to pass on rises in corn-based feed costs to 
consumers. This ability apparently did not exist for 
the more numerous and smaller poultry producers of 
the early period. 


During the recent period, we found more statistical 
significance of relationships among corn, farm poultry, 
and retail poultry prices than in the earlier period. 
The analyses of the decompositions of forecast error 
variance of the two models underscore this finding of 
more statistical significance in the relationships. We 
conducted the Sims test for structural change on the 
PC-PL-PM price transmission. Evidence was suf- 
ficient at the 5-percent significance level to suggest 
structural change in the retail price equation. 


We found adrastic change in the past 30 years in some 
of the dynamic characteristics of price transmission 
within the corn-farm poultry-poultry meat complex. 
Our procedures did not allow us to explain the reasons 
for this change. Knowledge of the change could 
influence the recommendations of policymakers. 
Explanation of the change could lead to interesting 
professional exchanges. 
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How Economic Conditions Changed 
the Number of U.S. Farms, 1960-88 


H. Frederick Gale, Jr. 








Abstract. The annual net decline in the number of 
farms is explained by using the lagged number of farms 
to account for the longrun trend and several variables 
representing economic conditions. The trend provides 
most of the explanatory power during 1960-74, while 
prices, land values, and interest rates explain devia- 
tions from the trend during 1975-88. Projections of 
farm numbers need to take into account both longrun 
trends and shortrun variability in economic conditions 
to produce meaningful estimates. 


Keywords. Number of farms, prices, interest rates, 
land values, time series. 


What role is played by economic conditions in in- 
fluencing changes in the number of farms? Has this 
role taken on increased importance in recent years as 
the farm economy has become more integrated into 
nonfarm and world economies? This article addresses 
these questions by estimating a time series regression 
model to explain changes in the number of farms 
during 1960-88. I used a trend component and several 
variables which represent economic conditions in the 
farm economy. 


A number of recent studies has analyzed changes in 
the distribution of farms in different size classes 
(2,5,6,10).! These studies have given little attention to 
the effects of economic variables, while using census 
data from 2 or 3 census years and focusing on the 
transition of farms among different size classes, as 
well as farm entry and exit. 


While these studies identify structural trends and 
examine hypotheses regarding firm size and growth, 
they fail to consider the effects of economic conditions 
which affect the relative profitability of farming. The 
studies are primarily cross-sectional, containing insuf- 
ficient variation in many price and policy variables to 
discern statistically their effects on the number of 
farms. 


The present study complements these more detailed 
studies by using annual observations over a 28-year 
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period to estimate a regression model that explains 
changes in farm numbers. The data are less detailed 
and may be less reliable than the census data (see 
appendix), but they permit consideration of the effects 
of year-to-year variations in shortrun economic 
variables on the number of farms. I am less concerned 
with considering in detail the longrun structural 
forces focused on by previous studies than the attempt 
to identify the role played by shortrun economic 
conditions. 


Regression Model of Changes 
in Farm Numbers 


In any year t, the number of farms is determined 
jointly by longrun structural forces and by shortrun 
influences appearing as deviations from the longrun 
trend. The change in the number of farms between 
year t and t-1 is expressed as a first-order difference 
equation to represent the longrun trend plus a devia- 
tion, D,: 


F,- Fea = ACP y - Fn) + Dy (1) 


where F;, is the total number of farms in year t, and a 
and F, are constant parameters with the restrictions, 
-1<a<0, F,,>0. The trend component with the restric- 
tions given above states that the number of farms will 
decline each year by some fixed proportion a of the 
difference between the number of farms in the 
previous year and some fixed constant F,.? This 
implies a continuous decrease in farm numbers at a 
declining rate which converges toward F, from above. 
This model is chosen simply because it fits the data 
well; a theoretical model of the longrun decline in 
farm numbers is not attempted here. This longrun 
trend could result either from some dynamic adjust- 
ment process, a longrun trend in relative prices, or a 
change in technology. 


Economic theory suggests that net entry to a competi- 
tive industry like farming will be influenced by the 
expected profitability of farming relative to prospec- 
tive earnings in other activities. The profitability of 
farming is, in turn, affected by changes in economic 
conditions. The deviation from the longrun trend in 
farm numbers, D,, is therefore expected to be 





2The observed percent change in the number of farms, 6, = (F, - 
a a is equal to a - a(F ,/F,_;). Thus, a a is not identical to 6, 


unless F',=0, in fact /a! > 16,1, and 6, is not constant over time, 
approaching zero as Fi approaches F’,,. 
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influenced by variables representing economic condi- 
tions, X,, expressed as a linear function of these 
variables: 


K 
D, = b,+ * b Xt ey (2) 
j= 


where the b; are parameters to be estimated, and e, is 
a random disturbance. 


Substituting equation 2 into equation 1, expressing 
the X;, as deviations from their means,® and re- 
arranging slightly, equation 3 is obtained: 


K 
F,-Fyi=(CaF,)+(@F,)+ 2 dXite. (3) 
}=1 


Equation 3 expresses the change in the number of 
farms as a linear function of the lagged number of 
farms and K economic variables with intercept (-aF,). 


This equation can be estimated with regression 
analysis techniques. The estimates of the coefficients 
b; are estimates of the effects of the economic variables 
on changes in the number of farms. A positive b; will 
be found for variables associated with increased net 
entry of farms,‘ and negative b; will be found when a 
variable is associated with less net entry. The variables 
actually used are discussed in the following section. 
Failure to reject the joint hypothesis that: 


b,=...=b,=0, (4) 


suggests that the change in the number of farms may 
be explained using only the longrun trend. 


The estimated coefficient on the lagged number of 
farms yields an estimate of a, and, given the estimate 
of a, F,, can be obtained by dividing the intercept by 
-a. Note the special case where the coefficient on the 
lagged number of farms is equal to zero and the 
intercept is nonzero. This would suggest a linear 
trend in farm numbers and, consequently, no tendency 
fo. Une decline in farm numbers to slow down. 





3This forces the intercept b, to equal zero, which facilitates the 
recovery of the parameter F,, from the intercept in equation 3. 


4Net entry of farms, F ,-F,.1, has been negative for most of the 
past 50 years. An increase in net entry means that the negative 
number will move closer to zero. This is a decrease in net exit. 


Data on the Number of Farms 


The model discussed above is applied to the official 
USDA estimates of the number of farms, which 
peaked during the 1930's and fell continuously until 
the end of the 1970’s when 2 years of very small 
increases were recorded (fig. 1) (see appendix). This 
study considers the years 1960-88, during which the 
extremely rapid decline that began in the 1950's 
appears to have gradually slowed down, with the 
number of farms approaching approximately 2 million 
by the end of the period. This decline appears to 
represent a completion of the structural shifts of the 
1950’s which showed little sign of slowing down as 
labor migrated out of agriculture and average farm 
size increased. The period ends with the farm boom- 
and-bust years of the 1970’s and 1980's, when the 
decline in farm numbers slowed to zero and became 
briefly positive before returning to rapid decline 
during the early 1980's. 


The rate of change in farm numbers declined steadily 
in absolute value from 1960 until about 1974 (fig. 2). 
After this time, the rate of change in farm numbers 
did not follow a predictable pattern as it had during 
the 1960’s and early 1970’s, but rather fluctuated 
around a mean of about minus 1 percent. The peak in 
figure 2 in 1979-80 corresponds to the farm “boom” 
years of the late 1970’s when exports and land values 
were increasing, real interest rates were low, and 
farming was believed to be an attractive investment. 
The trough coincides with the “bust” years of declining 
exports and land values and high real interest rates in 
the 1980’s. This pattern leads the author to consider 
whether economic conditions have exerted greater 
influence during recent years than in earlier years 
when the longrun trend appears to have been the 
dominant influence. 


Specification of Explanatory Variables 


The regression model includes variables that influence 
the relative profitability of farming and which 
fluctuate from year to year, in addition to the lagged 
number of farms which is intended to capture the 
longrun trend. The variables include prices of farm 
output and inputs, land values, interest rates, and the 
ratio of nonfarm wages to farm income. 


Prices are believed to play a key role in determining 
entry to and exit from a competitive industry. The 
ratio of the index of prices received by farmers to the 
index of prices paid by farmers represents the ratio of 








Figure 1 
Number of U.S. farms, 1910-88 
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output prices to input prices. A higher value of this 
ratio is expected to lead to greater net entry of farms, 
thus its coefficient is expected to be positive. 


Current prices may not reflect expected future profit- 
ability of farming. Land values are, therefore, included 
as an explanatory variable since land values are 
determined by expected future returns from 
farming.® Increases in the value of farmland should 
be associated with greater anticipated returns in 
farming and the greater net entry of farms. Land is 
also an important asset in the farm portfolio, so 
changes in its value can affect the financial viability of 
farm operations. Increases in land values increase the 
attractiveness of farmland as an investment and 
should lead to greater net entry, while decreases in 
land values result in financial stress and lead to less 
net entry. The measure of land values used here is the 
USDA average value per acre of farm real estate 
deflated using the GNP deflator. 


Real interest rates influence the price of credit, 
important to entering farmers, and can affect the 
degree of financial stress. Higher real interest rates 
may reduce net entry by making farm borrowing 
more expensive and increasing financial stress. The 
real interest rate was computed by subtracting actual 
inflation, as measured by the GNP deflator, from the 
prime rate charged by banks. 


An increase in the ratio of nonfarm wages to farm 
income is expected to reduce net entry (increase net 





5Barkley (1) included land values in a model that explained 
migration of labor out of agriculture and found a positive association. 





Figure 2 
Rate of change in farm numbers, 1960-88 
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exit), since this will enhance the attractiveness of 
nonfarm employment over farm employment. Annual 
nonfarm income was obtained by multiplying private 
agricultural average gross weekly earnings in 1977 
dollars by 50. Farm income was obtained by dividing 
net farm income in 1977 dollars by the number of 
farms.® 


Estimation and Results 


The results were obtained using the Yule-Walker 
procedure for correcting first-order autocorrelation 
of the error terms to achieve efficient estimates (3, 8). 
Aninstrumental variable is created for the land value 
variable (because it is not exogenous and likely to be 
correlated with interest rate) by using predicted 
values from the following regression: 


Land value, =172.1 + 0.014 X, + 13.38 R, 
(28.83) (0.003) (5.86) 
+ 23.99 I,, R7=0.90, 
(6.67) 


(standard errors in parentheses) where X, is exports 
of farm products deflated by the prices received by 
farmers index, R, is the real interest rate, and I, is 
actual inflation as measured by the GNP deflator 


Table 1 presents the results of two regressions 
estimated for 1960-88. An F-test rejects the hypothesis 
that the coefficients on the economic variables are 





6This measure does not take into account the fact that many U.S. 


farmers supplement farm income with income from off-farm 
sources. 








Table 1—Regression results: annual change in number 
of U.S. farms, 1960-88! 





(1) (2) 
Variable” Full Reduced 
model model 





Intercept 133,486 * 


(28,760) 


162,128 * 
(38,882) 


Number of farms {t-1} -.07 * -.08 * 
(.01) (.01) 


53,683 * 
(27,282) 
[.93] 


Average value/acre of farm 112.81 * 
real estate (1977 dollars) (28.95) 
{t-1} [1.07] 


Ratio of prices received to 
prices paid by farmers {t} 


Real interest rate {t-1} -3,432 * 
(1,395) 


[.18] 


Ratio of zonfarm earnings to 2,525 
real farm income {t-1} (5,282) 





Durbin-Watson statistic 1.05 
Adjusted R2 .90 57 





1These estimates were obtained by using a procedure to correct 
for autocorrelation of the error terms. 

The dependent variable is the change in the number of U.S. 
farms between time t and time t-1. {} = Time subscript. ( ) = 
Standard errors. [ ]= Elasticities computed at values. * = Signifi- 
cance at the 5-percent level with a one-tailed test. 


jointly equal to zero (equation 4), indicating that these 
variables do add explanatory power to the model. 
Three of the four economic variables are significant 
and have the expected signs, with the ratio of nonfarm 
wages to farm income being the only nonsignificant 
variable. The model that includes the economic 
variables explains 90 percent of the variation in the 
change in farm numbers, while the model using only 
the lagged number of farms explains only 57 percent 
of the variation. 


The estimate of a is minus 0.07 in the full model 
(column 1), suggesting that the number of farms falls 
each year by 7 percent of the difference between the 
number of farms and the value of F,,. The value of F,, 
implied is 1,906,943. This agrees with the data of 
figure 1, which suggested that the number of farms 
has been approaching 2 million asymptotically over 
time. 


The ratio of output to input prices has a significant 
positive coefficient, as does the coefficient on land 


values. These results suggest that as the output-input 
price ratio and land value rises (falls), thus increasing 
(decreasing) the profitability of farming and its 
attractiveness as an investment, net entry increases 
(decreases). The real interest rate has a negative 
effect, suggesting that as real interest rates rise, the 
price of credit rises, deterring new entry, and possibly 
resulting in greater financial stress among current 
farmers, leading to increased exits. The final result is 
less net entry. 


The computed elasticities are approximately equal to 
one for the coefficients on prices and land values, and 
0.18 for the interest rate, indicating that the magni- 
tude of the price and land value effects is much 
greater than that of the interest rate. An increase in 
the ratio of prices received by 0.10 will increase net 
entry by 5,368, an increase in land value of $100 will 
increase net entry by 11,281. An increase in the 
interest rate of 1 percentage point will reduce net 
entry by 3,432. 


The data were divided into two subperiods to test for 
differences over time in the importance of the economic 
variables and in the trend found in the data. The 
1960-74 period appeared to be dominated by the 
longrun trend toward fewer farms at a declining rate 
(fig. 2). During this early period, changes in farm 
numbers showed much less year-to-year variation 
than during 1975-88, perhaps suggesting that shortrun 
economic conditions exerted less influence than in 
recent years, or that economic conditions were less 
volatile. I estimated separate regressions over the two 
time periods to detect differences in the parameters 
between the periods. 


The results of the regressions show significant dif- 
ferences between the two periods (table 2). A Chow 
test (4, p. 87) rejects the hypothesis that the parameters 
of the models, including the economic variables, are 
equal between the two subperiods with an F-statistic 
of 4.0 compared with acritical F(6, 16) at the 5-percent 
level of 2.74. 


The economic variables have much greater importance 
in the later period, with all except the income ratio 
being significant. The land value coefficient is signif- 
icant in the early period, but an F-test fails to reject 
the hypothesis that the coefficients on the economic 
variables are jointly equal to zero. The regression 
using only the lagged value of farms for 1960-88 
explains 87 percent of the variation in the change in 
farm numbers. This reduced model has no explanatory 
power at all during 1975-88, however, while the model 
including the eeonomic variables had an R? of 0.95. 





Table 2—Regression by subperiod: annual change in number of U.S. 
farms 





1960-74 1975-88 
(1) (2) (3) (4) 
Variable? Full Reduced Full Reduced 
model model model model 


106,897 * 
(37,778) 








Intercept 182,746 * 


(29,805) 


702,403 * 
(97,807) 


-37,631 
(154,981) 


Number of farms -.063 * 
{t-1} (.012) 


46,077 
(34,469) 


Prices received/ 
prices paid by 
farmers {t} 


Average value/ 234.03 * 
acre farmland (99.36) 
(1977 dollars) {t} [1.14] 


Real interest rate -2,258 
{t-1} (2,438) 


Ratio of nonfarm 
to farm income 
{t-1} 


28,500 
(23,894) 


-.087 * -.305 * 004 
(.009) (.041) (.065) 


189,063 * 
(56,060) 
[6.29] 


267.04 * 
(38.17) 
[7.06] 


-5,725 * 
(2,141) 
[.91] 


7,815 
(5,303) 





Durbin-Watson 1.23 
statistic 


Adjusted R? .98 


46 2.93 .90 


87 95 0 





These estimates were obtained by using a procedure to correct for autocorrelation of 
error terms. Columns 1 and 2 were estimated using data for 1960 to 1974, columns 3 and 
4 were estimated using data for 1975 to 1988. 

The dependent variable is the change in the number of U.S. farms between period t 


and t-1. { 


When the economic variables are included in the 
1975-88 model (column 3) the intercept and the 
coefficient on the lagged number of farms are signif- 
icant, the value of a being 0.305 and the value of F,, 
about 2.3 million, while both of these parameters are 
nonsignificant in the reduced model (column 4). The 
decline in farm numbers at a decreasing rate can be 
detected in the 1975-88 data when one accounts for the 
effect of the economic variables, although the value of 
a is larger than that for 1960-74 (0.06 to 0.09). 


The effects of prices, land values, and interest rates 
appear to be of much greater magnitude during 1975- 
88 than during 1960-74. The coefficient on land values 
is not statistically different between the two periods, 
but the proportional effect is much larger in the later 
period (an elasticity of 7 versus a value of 1 for the 
early period) because the number of farms is much 


}=Timesubscripts.. ( 
5-percent level using a one-tailed test. 


)=Standard errors. * = Significance at the 


smaller in the later period. The price variable had an 
elasticity of 6.29 during 1975-88 and was nonsignif- 
icant during 1960-74. The interest rate was also 
nonsignificant in the early period, with an elasticity of 
0.93 in the later period. The point estimates, however, 
are not statistically different between the two periods. 
As in the 1960-88 model, the proportional effects of 
prices and land values during 1975-88 are about equal 
to each other and much larger than the effect of 
interest rates. 


The implication of these results is that economic 
variables have taken on an increasingly important 
role in recent years in influencing changes in farm 
numbers while in previous years changes were mainly 
due to longrun structural forces. Table 3 shows 
coefficients of variation for the variables under study 
for 1960-74 and 1975-88. The large coefficients of 





Table 3—Descriptive statistics by subperiod 





1960-74 1975-88 





Coefficient Coefficient 
Variable Mean of Mean of 


variation variation 





Number of U.S. farms 3,054,361 13.99 2,366,450 4.99 


Annual change in 
number of U.S. farms -87,271 -44.57 -27,961 -68.62 


Percentage change in 
number of U.S. farms -2.76 -34.68 -1.19 -70.45 


Ratio of prices received 
to prices paid by 
farmers 


Average value/acre of 
farm of real estate 
(million 1977 dollars) 


Real interest rate 





variation in 1975-88 indicate that prices, land values, 
and interest rates have shown much greater volatility 
during the more recent period, as have changes in 
farm numbers. The results suggest that the greater 
fluctuations in farm numbers experienced in recent 
years result both from greater sensitivity to economic 
conditions and from greater variability in economic 
conditions. 


Implications for Modeling 
Farm Structure 


This increasing importance of fluctuations in economic 
conditions has important implications for the modeling 
of farm structure, which is normally studied with the 
use of census data from a limited number of years. 
Estimating Markov chain models meant using this 
type of data which were, until recently, mainly extra- 
polations of historical trends. The results of this study, 
however, suggest that variation in economic conditions 
may cause the probabilities of entry and exit to vary 
from year to year, so the transition probabilities may 
not be appropriate for forecasting future farm 
structure when economic conditions are changing. 


Some recent work has emphasized that the transition 
probabilities’ estimated in Markov chain analysis of 





7The probability that a farm in class i at time t will move toclassj 
at time t+1. The classes are usually discrete size classes plus a 
nonfarm class which allows for entry and exit. 


farm structure are nonstationary over time (7,10). 
The data available have permitted only cross-sectional 
analyses which are not able to estimate the effects of 
variables such as prices, land values, and interest 
rates on the transition probabilities. The greater 
sensitivity of farm numbers to these shortrun in- 
fluences makes this problem particularly acute. 


Smith (10), for example, projects farm numbers to 
1986 using Markov models estimated from 1974 to 
1978 census data. His model overpredicts farm 
numbers from 1978 to 1986 because 1974-78 was a 
period when the economic environment of farming 
was relatively favorable (hence the probability of exit, 
say, was unusually low), and the model could not take 
into account the declines in prices and land values and 
increases in real interest rates that occurred in the 
1980’s and triggered drastic reductions in farm 
numbers.® 


Until models can incorporate economic variables that 
vary from year to year into nonstationary analysis, 
results obtained from them may be of limited temporal 
generality, and the projections made from such models 
should be used and interpreted carefully. It may 
become possible to incorporate these variables into 





8admittedly, a time series model such as the one estimated in this 
article could not have made the prediction unless it could have 
anticipated the changes in prices. 





nonstationary Markov models as the length of the 
census longitudinal file (2,7,9,10) is increased to 
include additional years, allowing more variation in 
prices and policies. 


Conclusion 


This study showed by means of regression analysis 
that economic variables, including prices, land values, 
and interest rates, have a significant influence on 
changes in the number of farms. The influence of 
these variables also appears to have increased in 
recent years, where in earlier years the number of 
farms evolved in a more deterministic manner, falling 
at a decreasing rate. When I controlled for the 
influence of these variables, I found the trend in the 
number of farms still to be present in recent years. 


It is important to understand the operation of these 
influences given the increasing integration of the 
farm sector into the general economy of the Nation 
and into the world economy. An understanding of 
these influences is essential for guiding discussions 
about farm policy, where influences on farm numbers 
are often ‘a central point. Future models of farm 
structure and projections of the number of farms 
should consider both the longrun trends and the 
influence of shortrun fluctuations in economic vari- 
ables, since these two effects operate in tandem to 
determine the number of farms. 


Appendix 


The data on farm numbers are annual estimates 
produced by USDA and published in August issues of 
Crop Production (11) and various statistical bulletins 
(12,13,14). The estimates are linked to the census 
counts, and for noncensus years the number of farms 
is estimated using information from the USDA June 
enumerative survey. While the accuracy of the 
estimates may be open to question, the numbers do 
represent USDA’s official estimates of the number of 
farms. The total number of farms does not tell the 
complete story about farm structure, since it does not 
reveal anything about relative changes in size classes. 


A change in the definition of what is considered to be a 
farm occurred in 1974, resulting in a discontinuity in 
the published series. A farm had previously been 
defined as a place of more than 10 acres and at least 
$50 of sales of agricultural products or a place of 10 


acres with sales of at least $250. The cutoff was 
changed to $1,000 regardless of acreage under the 
new definition. Numbers were published for 4 years 
under both the new and old definitions, and a 
comparison revealed that the new and old estimates 
differed by about 245,000 farms. The old and new 
series were spliced together by subtracting 245,000 
farms from all pre-1975 numbers. While this works on 
the unlikely assumption that the number of farms 
with sales of less than $1,000 remained constant over 
the entire period, a more sophisticated adjustment 
scheme was not possible. Another distortion results 
from inflation which tends to push more very small 
farming operations into the “farm” definition as 


prices rise, increasing the value of sales for a given 


quantity of production. 
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The Deterministic Equivalents of 
Chance-Constrained Programming 
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Abstract. Three concepts combine to show both the 
feasibility and desirability of incorporating probability 
within programming models. First, the reliability of 
estimates obtained by using Chebyshev’s inequality 
increases as variation, measured by the coefficient of 
variation, declines. Second, the coefficient of variation 
can be substantially reduced by the use of the mean and 
variance of a truncated normal distribution. Third, 
chance-constrained programming can be converted 
into deterministic equivalent quadratic programming 
by using the parameters of a truncated normal 
distribution. 


Keywords. Chance-constrained programming, quad- 
ratic risk programming, truncated normal distribu- 
tion, Chebyshev’s inequality. 


The developments of the past three decades in the 
theory of choice under risk or uncertainty have 
followed the expected mean-variance approach. The 
decisionmaker is assumed to select among alternative 
activities on the basis of a utility function defined in 
terms of the expected mean and variance of the 
portfolio return. Accordingly, much has been written 
about quadratic risk programming (5, 7, 13, 16).! 
Researchers have not paid enough attention, however, 
to the burdensome data requirements and mathe- 
matical complexity associated with the risk and 
uncertainty pertaining to input-output coefficients(9). 


An activity analysis model usually optimizes some 
objective function subject to linear constraints. Co- 
efficients for both the objective function and the 
constraints are assumed to be known with certainty. 
Chance-constraint programming (CCP), originally 
proposed by Charnes and Cooper (4), makes use of 
individual probabilistic constraints. A probability is 
attached to the linear constraint in such models. The 
probabilistic constraint is subject to some prede- 
termined critical level, and its coefficients are assumed 
to be randomly distributed. Probabilistic constraints 
of this type often appear in decision analysis in the 
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form of a safety-first rule in portfolio selection 
problems (6,11,12,14,15), or in problems associated 
with feed-grain mixture (5). 


Many researchers, therefore, have attempted to 
convert probabilistic constraints into deterministic 
equivalents under various assumptions. Examples 
include the works of Charnes (3), Pyle and Turnovsky 
(11), Roy (12), Telser (15), Paris and Easter (9), 
Sengupta (14), and Atwood (1). Paris and Easter, and 
Pyle and Turnovsky obtain their criterion based on 
the normality assumption with respect to the random 
variable. Roy and Telser, in contrast, obtain deter- 
ministic equivalents of a probabilistic constraint by 
using Chebyshev’s inequality, which does not require 
any knowledge about the probabilistic density function 
of arandom variable. Sengupta claims that estimates 
obtained from the use of Chebyshev’s inequality may 
“sometimes” be very inefficient, in the sense that they 
may provide very rough approximations for the actual 
probability when the distribution of the random 
variable is known. However, Sengupta failed to 
indicate when the use of Chebyshev’s inequality pro- 
vides inefficient estimates of the actual probability. 


Recently, Atwood and others (1,2) rejected the use of 
Chebyshev’s inequality on the grounds that the 
estimates are too conservative. They proposed the use 
of lower partial moments (LPM) to obtain a determin- 
istic equivalent of a probabilistic condition. The LPM 
approach uses the concept of a truncated distribution, 
which Sengupta suggested to improve reliability of 
estimates. However, the LPM approach makes use of 
the parameters of a complete normal distribution. 
Unknown is how much the reliability of estimates is 
improved by use of a truncated distribution using 
parameters of a complete normal distribution over 
the use of the Chebyshev inequality.” In this paper, we 
first demonstrate that the reliability of estimates 
obtained by making use of Chebyshev’s inequality 
increases as the coefficient of variation decreases. 
Second, we demonstrate that, under certain conditions, 
use of a truncated normal distribution does not neces- 
sarily improve the reliability of estimates, and that 
estimates obtained from the use of Chebyshev’s in- 





2The reliability of an estimate is defined as the probability of the 
absolute value of the difference between the estimate and its true 
value as being less than a predetermined small number. 
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equality are generally reliable if the analysis includes 
the use of the mean and variance of a truncated 
normal distribution. Third, we show how one can 
convert the CCP problem into a deterministic equiva- 
lent quadratic programming (DEQP) problem using 
Chebyshev’s inequality. Finally, we discuss the 
properties of DEQP solutions. 


A Complete Normal Distribution and 
Chebyshev’s Inequality 


The normality assumption has been widely used in 
economic literature, and its use is justified for many 
cases due to the Central Limit Theorem. However, 
without any knowledge about the probability density 
function of a random variable x, we can consider 
Chebyshev’s inequality for any h > 0, such that: 


Priikesashej=1- —. 


h? (1) 


where and a are the mean and standard deviation of 
the complete normal distribution. 


For any symmetric distribution, the quantity Q*(h), 
which is the probability assigned to the interval 
where the random variable x is defined as {x: (u-h a) 
<x ©}, may be represented as: 


1 
Q*(h) = 0.5+ 0.5 [1 - = 


=1- 1/(2h?). (2) 


It is clear from equations 1 and 2 that the probability 
of an observed value for a random variable x in the 
interval (x: (u - ha) < x < ©) approaches one as h 
increases infinitely, and that the probability increases 
faster for symmetric distributions than for non- 
symmetric distributions. 


Table 1 shows probabilities estimated with equation 2 
for h = 1, 2,.., 5. By making use of Chebyshev’s 
inequality, we estimated that probabilities are rela- 
tively reliable estimates for 4 random variable with a 
small coefficient of variation (a/v), and that the 
reliability increases as h increases.* Table 1 indicates 
that for h > 4, the probabilistic constraint of a chance- 
constrained programming problem can be converted 
into a deterministic equivalent by making use of 
Chebyshev’s inequality 





3Parzen (10):showed for a two-sided confidence level, Pr(!X-hy!) 
> B, for a complete normal distribution, that estimates obtained 
using Chebyshev’s inequality converge to actual probability as h 
increases. 


Table 1—Estimated probabilities Pr (x > u-ho) fora 
complete normal distribution and the use of 
Chebyshev's inequality 





Reliability of 
estimates with 
Chebyshev 
o(h)} inequality 





Percent 
0.8413 59.43 
.9772 89.54 
.9987 94.56 
1.0000 96.88 
1.0000 98.00 





ly is the CDF of N (0,1). 


A Truncated Normal Distribution and 
Chebyshev’s Inequality 


There exist cases in which economic variables are not 
defined over the entire range of a normal distribution. 
For instance, water applied in the production of 
irrigated cotton or the final mix of feed grains in 
livestock production cannot be negative, indicating 
that the random variable, say x, would have a trun- 
cated norma! distribution to the left at x = 0. 


When we assume that x has a truncated normal 
distribution to the left at 7, the probability density 
function of x is then defined as follows (&): 


f(x)= 0 if x <7 
K Be Es 
2 0 


exp] - if x =7, (3) 
oV2r 


1 


1- o(-) 


@ is the cumulative density function (CDF) of the 
normal distribution with mean zero and unity var- 
iance, N(0,1), and wand o are the mean and standard 
deviation of a complete normal distribution of x.‘ 


To compare estimates from a truncated normal dis- 
tribution and estimates obtained by using Chebyshev’s 
inequality, we define the quantity Q(h), for any h>0, 





4Meyer (8) erroneously defined K as the quantity 1-@ te) ,rather 
than the quantity K = 1/[ 1 - ¢(#)}. 
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as the probability assigned to the interval where the 
random variable x is {x: (u - ha) < x < ©}. For the 
truncated normal probability density function (with 
mean y and standard deviation o of the complete 
normal distribution), the quantity Q(h) is given by: 


+00 
K f or & (SHY 
h) = o X. 
ath) oV2r (u-ho) (4) 


Equation 4 can be compactly rewritten as: 


1 - G(-h) o(h) 
Q(h) = = (5) 
1-g(#) —_ @#*2) 





It is easy to see that Q(h) in equation 5 becomes 1 for T= 
(u- ho). In cases where (u-T)/o = 3.9 so that @[(u-7)/o]= 
1, equation 5 becomes Q(h) = @¢(h), which is the 
probability estimated from a complete normal 
distribution. That is, use of a truncated normal 
distribution does not improve the reliability of esti- 
mates if (u-7)/o is greater than or equal to 3.9. 


We will show (equation 22 and footnote 5) that (u-7)/ 
o => (1-B)/2, where B is the required minimum proba- 
bility of success. For B= 0.95, a traditional criterion in 
decision analysis, (1-8)/2 equals 4.4721 which is 
greater than 3.9. Use of a truncated normal distribu- 
tion, therefore, does not necessarily improve relia- 
bility of estimates. 


So far, the mean and standard deviation of a complete 
normal distribution are used for the measurement of 
the coefficient of variation in equation 5. However, the 
expected value E(x) and variance V(x) of a random 
variable x, which has a truncated normal distribution 
as given in equation 3, are expressed as follows (see 
appendix): 


E(x) 4 ut+D, (6) 
and 


V(x) = 0? + D{(r-»)- DI, (7) 





where D = 


Vari _ ax) [wa] 


In equations 6 and 7, D > 0, and therefore, E(X) > y, 
V(X) < o?, and o/y > [V(X)]'/2/E(X). That is, the 
coefficient of variation is reduced when the mean and 
standardized deviation of a truncated normal distribu- 
tion are substituted for those of a complete normal 
distribution, respectively. However, we have shown 


that the reliability of estimates obtained by making 
use of Chebyshev’s inequality increases as the coef- 
ficient of variation is reduced. Therefore, parameter 
estimates of a chance-constrained problem can be 
improved by making use of the mean and variance of 
the truncated normal distribution. 


Deterministic Equivalent 
Quadratic Programming 


A probabilistic constraint can be converted into a 
deterministic equivalent using Chebyshev’s inequality. 
Consider a chance-constrained programming problem 
such as the one used by Chen. 


Minimize C’X, (8) 
subject to: Pr(P’X =d)=B (9) 
AX2b (10) 
X20, (11) 


where C is an (n x 1) vector of cost coefficients; X is an 
(n x 1) vector of choice variables; P is an (n x 1) vector 
of stochastic variables, which has a truncated distri- 
bution to the left at zero, with a truncated normal 
mean vector P and variance-covariance matrix W; d 
is a prespecified constant, B is the required minimum 
probability of success; A is an (m x n) technical 
coefficient matrix; and b is an (m x 1) vector of 
minimum resource requirements. 


To formulate a deterministic equivalent constraint, 
the probabilistic constraint 9 can be rewritten as: 


Pr(P’X 2d) =1- Pr (P’X<d) 
= 1- Pr{(P’X - P’X) =>(P’X - d)] 


> 1- Pr{(IP’X - P’X!) =>(P’X - d)] 


X'WX ’ . 
-= Chebyshev’s inequality, 
(PX -ay? yy’ ”q y 


>1 
(12) 
or equivalently, 


X’WxX 
Pr(P’X =d) = 1- —— 2B. 13 
PKeme 1- er ee (13) 


The coefficient of variation clearly must be smaller 
for a large required probability of success. 





Minimum costs that satisfy the probabilistic con- 
straint 9 are attained at Pr(P’X = d) = B, or more 
stringently at: 


X’WxX _ 
(P’X-d)? -' 

in equation 13. Consequently, the problem of finding 

minimum costs, C’X = K, subject to the probabilistic 


constraint 9, is equivalent to the problem of finding 
the minimum of: 


X’WX ” 
(1 - B) ~ (P’X , dj? =0 (14) 


at any given cost K. This can be verified by comparing 
the Kuhn-Tucker conditions from each optimization 
problem. The minimization of equation 14 is equiva- 
lent to the maximization of: 


Dp 4 ’ da 
PX+ 33 (X°MX) So, (15) 


where M=[W(1-)!- P Pisa negative semidefinite 
matrix. 


When the equality holds in equation 15 for any level of 
required success, B, the probability constraint 9 is met 
at minimum cost, say K,. In cases where the inequality 
holds, the probability constraint 9 is satisfied, but ata 
higher cost than Ky. Consequently, the following 
deterministic equivalent QP (DEQP) problem can be 
formulated, which is equivalent to the CCP problem 
in equations 8 through 11. 


Maximize PX+ 3(X’MX) < (16) 


subject to: C’X= K 0<KSK, (17) 


AX= b (18) 

X= 0. (19) 
The optimal choice variables X satisfying the CCP 
problem in equations 8 through 11 may be approxi- 
mated by solving the DEQP problem in equations 16 
through 19 by simply increasing cost (K) para- 


metrically until the objective value approaches d/2. 


Properties of DEQP Solutions 


To derive the properties of DEQP solutions, we 
rewrote the objective function in equation 16 as: 


= P’X + (1/2d)X'[(1 - By 'W - PP')X 


-1 
= PX we = X’WX - (1/2d) X’P P’X 


< (20) 


Multiplying both sides of the inequality in equation 20 
by 2d, we can obtain the following: 


2d P’X + (1-8)! X’WX - X’P PX <d2. (21) 


From equation 21, we can obtain the following 
inequality: 
Px-d 


Swe =e, (22) 


or equivalently: 
PX - (1-B)-1/2(X’WX)/2 > d. (22’) 


When the condition given in equation 22’ is met, it can 
be said that one is B-percent confident, and that P’X 


will be greater than or equal to a predetermined 
constant, d.5 


To further investigate the properties of DEQP 
solutions, consider the Lagrangian equation associated 


with the DEQP problem in equations 16 through 19 
such that: 


F(X, A,, Ao) = P’X + (1/2d)X’ [(1-B)'W - PPX 

- A,(K - C’X) - A’{b - AX), (23) 

where A, is a Lagrangian multiplier, such that A, 20, 

and A, is an (m x 1) vector of positive Lagrangian 
multipliers. 

Part of the Kuhn-Tucker conditions are expressed as: 

a Se on WX - (1/d) PP’X + 
A,C+A’,A <0 (24) 





5The condition in equation 22’ is more stringent than the one 
imposed by_ negative semidefiniteness. Because M = 
{(1-B)- lw - P P’]_is a negative semidefinite matrix, X’MX = 
(1-B) “1X'WX - X’ P P’X <0, and therefore: 


xX’ PPX ‘ 
“we =O 


or equivalently, PX - (1-8) /2¢x’wx)!/2 = 0, which is less 
stringent than the condition expressed in the inequality 22’. 





'WX - (1/d)X/ PPX 
+ A,C'K + a’,AX=0 (25) 


OF (1-B)? 
(Gx x= PX + —* xX 


X=0. (26) 


There exists a dual programming problem associated 
with the primal programming problem given in 
equations 16 through 19. The objective function to be 
minimized in a dual programming problem is obtained 
by simply subtracting equation 25 from the La- 
grangian equation 23, represented by: 


G(X, Aj, Ag) = -A,K -a’gb 


+ (1/2d)X' PPX - — X’'WX. (27) 


The objective value of the primal programming 
problem, equation 16, equals the objective value of the 
dual programming problem, equation 27, at optimum. 
Equating equations 16 and 27 results in the following: 


-R)1 _—— 
Px ee X’WX - (1/d)X’ PPX 
= -AK-A',b. (28) 


By multiplying both sides of the equality in equation 
28 by d, and with minor manipulation, we obtain: 


d[ P’X - A,K - A’,b] = 2d P’X + (1-8) 'X’WX 
-X' PPX (29) 
<d? (from equation 21), 
or equivalently, 
PX Sd+A,K+A'b. (30) 


Equation 30 shows that the mean value of the random 
variable P’X must be less than or equal to the 


predetermined value d plus the sum of the opportunity 
costs of expenditures and the opportunity costs of 
other resources. 


Combining conditions in equations 22’ and 30 reveals 
that: 


d + (1-B)/(X’WX)!/?2< P’X <d + A,K + A’, (31) 


or equivalently, 


PX - (1-8) /{(X'’WX)/2>d= PX - A,K - A’yb. (32) 


Both sides of the first inequality sign in equation 32 
are identical with the condition given in equation 22’. 
However, the condition imposed by equation 32 is 
more restrictive than the one given in equation 22’ by 
requiring an additional condition given in equation 


30. 


Conclusions 


Chebyshev’s inequality often has been used to convert 
a probabilistic constraint in a chance-constrained 
programming problem intoa deterministic constraint. 
Researchers, however, have criticized the use of 
Chebyshev’s inequality which sometimes provides 
very rough approximations for the actual probability. 
We have shown that the use of Chebyshev’s inequality 
provides relatively very good approximations for the 
actual probability when the coefficient of variation is 
relatively very small. We also have shown that the use 
of the mean and variance of a truncated normal 
distribution reduces the size of the coefficient of 
variation, compared with the case of using the mean 
and variation of a complete normal distribution. We 
have also demonstrated how a chance-constrained 
programming problem can be converted into a deter- 
ministic equivalent quadratic programming problem. 





Appendix 1— Mean and Variance of a Truncated Normal Distribution 
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Combining Survey and Other Data 
To Estimate Agricultural Land Values 


Charles H. Barnard and Danny Pfeffermann 








Abstract. Combining survey, census, and admini- 
strative data improves the precision of survey estimates 
of mean agricultural land values. A components -of- 
variance model is developed and applied to cropland 
value data for the Corn Belt. Performance of the model 
compared with other procedures is tested using cross- 
validation techniques. Results indicate that use of the 
proposed estimator would improve upon the USDA 
estimators at both the State and strata levels. At the 
strata level particularly, the improvements may be 
very substantial. 


Keywords. Agricultural land values, components of 
variance, cross-validation, small areas, survey data. 


The Economic Research Service (ERS) estimates 
farm real estate value for 48 States and the United 
States (24).! These estimates are derived from reports 
obtained in the Agricultural Land Values Survey 
(ALVS) from sampled farmers (14,26). The need for 
improved State-level values prompted an examination 
of alternative data sources and alternative estimators. 
This paper shows how data available from sources 
other than the ALVS, and known at the county level, 
can be combined with ALVS data to improve the 
statistical precision of farmland value estimates. The 
methods described here may be useful for improving 
the precision of other agricultural statistics. 


Small area (or small domain) estimation provides the 
foundation for a new estimator that combines data 
from the ALVS and other sources. The basis for the 
new estimator is a prediction model that relates the 
individual farmers’ reports to a set of regressor 
variables and a set of county and State effects. The 
regressor variables measure known aggregate county 
characteristics, while the State and county effects 
represent specific influences not accounted for by the 
regressor variables. In view of the large number of 
counties and the small sample sizes realized in all the 
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Rural Economy Division, ERS. Pfeffermann is senior lecturer, 
Dept. of Statistics, Hebrew University, Jerusalem. The authors are 
grateful to Dr. Ralph Folsom, Research Triangle Institute, NC, for 
helpful discussions during early stages of the study, and to Statistics 
Canada. where Pfeffermann was a research fellow when the article 
was completed. 


ltalicized numbers in parentheses cite sources listed in the 
References section at the end of this article. 


counties and some of the States, the county and State 
effects are considered random, giving rise to a mixed 
linear model with fixed regression coefficients and 
random components of variance. The use of linear 
models with random effects is a common practice in 
small domain estimation. The form of our model and 
the regressors included are chosen in order to best 
predict the small domain means of the target variable 
(the farmland values in the present case) and not 
necessarily to represent causal relationships with a 
substantive interpretation. Indeed, while regression 
analysis has been used extensively to identify causal 
factors explaining the value of farmland, regression 
techniques have not been used to yield improved 
estimators (predictors) of mean farmland values. 


We show how the mixed linear model, in the context of 
small domain estimation, can potentially improve 
upon current USDA procedures. Data from existing 
sources, measuring county characteristics that are 
believed to affect the farmland values, are selected as 
regressor variables. Actual computation of the new 
estimator and its standard error (which we describe) 
permits an assessment of model performance and a 
comparison with USDA and other related estimators. 
The results of that study, conducted using cross- 
validation techniques, show that the new estimator, in 
most instances, substantially improves upon the 
estimators used by USDA, particularly at the strata 
level. 


Small Domain Estimation and the 
Mixed Linear Model 


The problem underlying the computation of the farm- 
land value indexes may be traced to the framework of 
survey sampling theory. A survey population of all the 
farmers in the United States is divided into production 
regions, States, and counties. The counties are grouped 
into homogeneous strata and a random sample of 
farmers is drawn from every stratum using a prob- 
ability sampling plan.? If the samples within the 
various strata were sufficiently large, one could 





2Strata consist in general of groups of adjacent counties called 
Crop Reporting Districts (CDR’s). Typically, a State has 8-9 CRD’s, 
with each CRD consisting of 8-10 counties. However. urban- 
influenced counties have been extracted from CRD's and placed in 
special strata. In what follows, this definition of strata also defines 
the survey strata. 
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estimate these means by the observed sample means, 
that is, by averaging the farmland values reported by 
the farmers in the corresponding strata. These strata 
estimates could then be averaged to produce State and 
regional estimates, the usual USDA procedure. How- 
ever, the sample sizes selected by the ALVS within 
many States are too small to guarantee reliable State 
estimates, partly because of low response rates. (The 
effective sample size in some States is less than 40.) 
For instance, individual State indexes are not con- 
structed for New England (27). On the other hand, for 
selected States where the estimates are more reliable, 
the National Agricultural Statistics Service (NASS) 
publishes indexes for strata. Indexes for the United 
States and 10 major farm production regions may be 
considered reliable due to sufficiently large samples. 


The problem underlying the production of farmland 
indexes is a typical small-area estimation problem, an 
issue receiving increased attention in the statistical 
literature in recent vears. The problem of small-area 
estimation is that because of the small sample size in 
any given area, the direct survey estimator based only 
on the sample observed for that area can become very 
unstable. To overcome that problem, a variety of 
techniques has been proposed which essentially 
“borrow strength” from one small area to the next, 
increasing the precision of the estimators in given 
small areas. 


The data used for these estimators include the ob- 
servation on the target variable (the ALVS farmers’ 
reports in our study) and the values of regressor 
variables x, xX, representing known small-area 
characteristics related to the unknown small-area 
means {6,}. Denote by Y; the vector of observations on 
the target variable in small areai based on asample of 
n; units. Assuming simple random sampling, it follows 


that Y,= ies i; / nj = 6;+é, where é; is the 


corresponding mean of the error terms €;; = Y;; - 9;, 
with expectation E€;) = 0 and variance varG,) = 
of / n;. 


When the variances g? /n; are suitably small, the 
statistician may be sontant to use the estimates 7, 
which are basically the estimates currently used by 
USDA. In view of the small sample sizes (n;), however, 
other estimators have to be considered. One natural 

candidate is the regression estimator X’,b wherebisa 
vector of estimated regression coefficients based on 
the individual observations Y;;. The estimator X’; b 
would be ideal if, for every ‘i, 6,= x’ B where B 
represents the “true” unknown regression coefficients. 
In fact, the estimator X/b may still be used even when 
the relationship 6, = X',B does not hold provided that 
the deviations {6, - x!  B} are sufficiently small. 


40 


Often the sample sizes n; are too small to allow the use 
of the estimators {Y}}, and the deviations {9; -X; P} are 
too large to use the estimators’. Small-area estima- 
tion techniques are essentially a collection of models 
and inference procedures proposed in the literature to 
yield estimators that compromise between the esti- 


mators { Y,} and X,), resulting in increased efficiency. 


For example, suppose it can be postulated that 6; = x, 
B+ v;, where E(v;) = 0 and var(v;) = 02 . Notice that 
the deviations v; are viewed now as random quantities. 
Under this assumption, the model holding for the 
original observations can be written as a mixed linear 
model, Yj; x B+v,+ €,;, where the individual error 
terms {v; + gj ‘eal are now correlated within small areas 
due to the common effect v;. This model has been used 
by Battese, Harter, and Fuller (5) for the estimation of 
crop areas in counties in Iowa by using satellite data 
as the regressors. The estimators derived under this 
model have the yee form 6, =K; Y,+(1- —? x’ b 
where K; = 02/02 + o?/n,), onl oe and o? define 
suitable estimators of the unknown variances. The 
estimator 6. is a weighted average of the estimators Y, 
and xb b with weights that reflect the relative precision 
of each of the two estimators. In another article, 
Pfeffermann and Barnard (17) synthesize the recent 
research in small area estimation. In what follows, we 
refer to that article using the abbreviation P-B. 


The model used in the present study extends the 
Battese-Harter-Fuller model by accounting for both 
State effects and nested county effects. Let Y,,; be the 
farmland value reported in the ALVS by farmer i 
residing in county c of State s. Let @,. stand for the 
unknown mean market value in county sc. We 
postulate the following relationship: 

Y..; = 0,. + € 


sci sc sci’ 


rf] 


se = Xi B+ at Y se (1) 


fors=1...S, c=1...C(s), i=l... n,, 
where {€,,;} are independent errors with zero mean 
and variance o%, {a,} represent random State effects 
with zero mean and variance of, and {y,,}are random 
county effects, nested within the State effects with 
zero mean and variance a2. We assume that the three 
random components are mutually independent. S is 
the total number of States in the study; C(s) is the total 
number of counties in States; and n,, is the number of 
reports in county c of State s. 


Equation 1 postulates that the land values reported by 
farmers residing in the same county, Y,,;, are dis- 
tributed randomly around the true county mean, 8,,. 
The variation of the county means between counties is 
ns as a function of known regressor variables, 


X/,, and random State and county effects. The regres- 





sor variables represent k county characteristics with 
typical values represented by Xj, = (1, Xo}, - - + + Xgex) 
for county sc. (See the next section for the list of 
regressor variables used in our study.) 


The State effects represent any systematic influences 
on the prices of farmland that are common to all 
counties in a State, but that are not represented by the 
regressor variables. State income and property tax 
laws, State environmental laws, and other regulatory 
policies that vary by State and restrict farm operation 
or landownership come to mind. Similarly, the 
residual county effects represent unique county 
characteristics that systematically affect the values of 
farmland, but again, that are not represented by the 
regressor variables. Examples might be the level of 
social services, school quality, and other character- 
istics that affect the quality of life. 


Substituting the right-side equation of (1) into the 
left-side equation gives the mixed linear (components 
of variance) model representation: 


) = x’, B ad a, + Y se +E sci? (2) 
which implies: 
VAR(Y,,;) = of + 02 + 02; 


COV(Y seis Y scix) = OF + 02, 1 4 i*; 


COV(Y seis ¥ scris) = oF c#C; 


COV(Y gois Y grerit) =0 ,S# a. (3) 


Thus, the model states that values reported by farmers 
residing in the same county are correlated, as are 
values reported by farmers residing in the same State 
but in different counties. 


The actual application of the model requires as a first 
step the identification of available data sources to be 
used as potential regressor variables. We discuss this 
issue in the next section. The formulas of the predictor 
of the county and State means, as obtained under the 
present model, are given later. Note in this regard, 
that since the county and State means are considered 
as random under the model, we adopt hereafter the 
conventional statistical terminology and refer to the 
assessment of these means as “prediction” rather than 
“estimation.” 


Available Data: Sources and Definitions 


Identification of factors that affect farmland values 
and statistical measurement of their importance has 


been the objective of studies for more than 60 years, 
spawning an extensive literature within the agri- 
cultural economics profession. Reynolds (18), for in- 
stance, cites a partial list of more than 60 empirical 
studies. The purpose of most of these studies was to 
discover the determinants of variation in farmland 
values and estimate the parameters associated with 
those factors. Empirically, the general procedure is to 
regress observations on farmland values against cor- 
responding observations on a set of independent 
variables representing variation in productivity or 
income, location relative to markets and services, and 
nonagricultural influences. 


In contrast, the purpose of our procedure is to identify 
regressor variables, which, when used jointly, can 
best predict the county and State mean farmland 
values without worrying about causal relationships 
and substantive interpretations. Nevertheless, pre- 
vious models fitted to farmland value data provide a 
natural basis to guide the selection of factors to 
include in our model. The other obvious consideration 
in the preliminary selection of such regressor variables 
is data availability, which we describe next. We then 
specify the variables considered in our study. 


Sources 


The U.S. Department of Commerce (USDC) is a 
major source of county-level information that can be 
used as additional information to model the variation 
of farmland values. The Census of Agriculture, 
generally conducted every 5 years, provides a wide 
array of agriculturally related information, including 
acres of land in farms, numbers of farms, crop acres 
harvested, quantities of crops and livestock produced 
(sold), market values of crops and livestock sold, and 
days of off-farm work (28). Indeed, much of the 
literature involving cross-sectional analyses of aggre- 
gate farmland values has used county, State, or 
national estimates provided by the Census of Agri- 
culture. In addition, the decennial Census of Population 
collects information on rural and urban population. 
The Bureau of Economic Analysis, through its 
Regional Economic Information System, provides 
annual data on local area employment and personal 
income, by Standard Industrial Category (SIC). The 
data series available include mineral income, net 
farm income, and off-farm employment. 


A notable feature of the procedure presented in this 
article is its ability to include alternative assessments 
of farmland value among the regressor variables. 
USDA, itself, collects farmland value information 
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from three other independent sources, which provides 
direct assessments of county farmland values.® Of 
particular interest is a set of data collected annually 
by the Agricultural Stabilization and Conservation 
Service (ASCS) from each of its County Executive 
Directors (CED’s). This variable represents the 
opinions of ASCS county executive directors, one per 
county, concerning the average value of nonirrigated 
cropland in their ceunty. Most CED’s consult with 
farmers, lenders, and other real estate professionals 
before forming their opinions. The data represent the 
opinion of each CED regarding average values of 
farmland in each county whose ASCS program they 
administer. While there are some small differences in 
definition, these data provide an independent assess- 
ment of farmland values (1,8) and are particularly 
valuable because reports are received from virtually 
every agricultural county in the United States. (See 
also the last two paragraphs at the end of this section.) 


Other sources of data on farmland values include the 
Farmland Market Survey, which obtains both sales 
data on individual tracts and opinion data on county 
farmland values (27). The opinion data from this 
survey are similar in form to the ASCS data but lack 
estimates for all counties. The USDA Farm Costs and 
Returns Survey (FCRS) (25) and the Census of Agri- 
culture (3,28) are sources of information on the value 
of farmland and buildings. The Census of Agriculture 
provides data for every agricultural county but only 
at 5-year intervals. Data from the FCRS, though 
available annually, are not available for every county. 


Variables Considered for Analysis 


In studies cited by Reynolds (18) and Reynolds and 
Comer (19), many variables were found to be important 
determinants of farmland values. Particular data 
used and specific results obtained have depended 
upon data availability and the level of aggregation 
employed. Data used have varied from microdata on 
sales of individual tracts to aggregate data collected 
on a State, regional, or national basis (2). In the 
selection and specification of variables for our model, 
we relied mostly on cross-sectional studies that used 
county data. The variables chosen are general in the 
sense that they could be used in the analysis of 
nonirrigated cropland in most regions of the United 
States. Our initial model included 10 variables: eight 
that represent various aspects of agricultural pro- 
ductivity and urban influence, one that represents 
mining activity, and one that is the independent 
assessment of nonirrigated cropland value from the 





3 All four USDA sources collect data during January-February 
of each year. 
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CED’s of ASCS. Brief descriptions of the variables 
selected, their sources, and abbreviated names are 
provided in table 1, with more detailed explanations 
following. 


Various measures have been used to represent ag- 
ricultural productivity and the overall economic 
potential of farmland (4, 6,9, 15, 16,21,22). In our model, 
PCTFARM and PCTGRAZ were included in the 
model to represent the basic suitability of the land for 
crops, which depends on soil, climate, topography, 
and other factors. A larger percentage of farmland 
generally indicates higher average productivity, while 
larger percentages of grazing land indicate lower 
average productivity. Variation in overall economic 
potential of land for agricultural use is measured by 
FARMINCOME and CROPSVALU. Larger net farm 
incomes and gross crop receipts per acre imply more 
productive cropland. Although these variables are 
crude measures individually, taken together they 
serve as proxies for the agricultural value of farmland. 


A similar variable, SPECLTY VALU, was included 
to capture the contribution of high-valued specialty 
crops, including vegetables, fruits, berries, nuts, and 
greenhouse products. Such variables measure dif- 
ferences in land use intensity. The importance of 
specialty crops as a determinant of land values is 
demonstrated by Reynolds and Tseng (21) in astudy of 
Florida counties. 


Size of tract has been demonstrated to be an important 
explanatory variable in models designed to explain 
farmland values (6,7, 12, 15,16,21,22,23). Our variable, 
FARMSIZE, serves as a proxy for size of tract sold. 
Value per acre declines as tract size increases, ceteris 
paribus. 


Measures of urban influence, including population, 
population density, and extent of off-farm employ- 
ment, have often been found to have large and sta- 
tistically significant effects on farmland value (6, 7,9, 
12,13,15,16,20,21,22,23). In our study, these non- 
agricultural influences are represented by POP- 
ULATN and NUMOFFFARM. Larger urban popula- 
tions imp!y increased demand for farmland for rural 
residences. More off-farm employment opportunities 
imply increased potential for part-time and hobby 
farms. Nonagricultural uses often can outbid agri- 
culture for use of urban-influenced farmland. 


MINEINCOME is another variable related to non- 
agricultural influences, included principally to cap- 
ture the effect that mineral rights may have on the 
sale price of individual parcels. When opinions of 
value are formed on the basis of reported farmland 
sale prices, a portion of the value of mineral rights 





Table 1—Variables used in the empirical study 





Abbreviated 
name 


Description 


Source 





CED 


PCTFARM 


POPULATN 


CROPSVALU 


FARMINCOME 


FARMSIZE 


PCTGRAZ 


SPECLTYVALU 


NUMOFFFARM 


MINEINCOME 


County executive 
directors’ opinions of 
mean county 
farmland values 


Acres of farmland 
as a percentage of 
county land area 


Urban population per 
acre of total 
cropland 


Market value of crops 
sold per acre of total 
cropland 


Net farm income per 
acre of land in farm 


Average number of 
acres per farm 


Acres of grazing land 
as a percentage of 
land in farms 


Market value of 
specialty crops per 
acre of total cropland 


Number of farm 
operators who worked 
at least some days off 
the farm 


County income from 
mining 


ASCS questionnaire! 


Census of Agriculture” 


Census of Population? 
Census of Agriculture” 


Census of Agriculture 


Local area personal 
income® 


Census of Agriculture 


Census of Agriculture 


Census of Agriculture 


Local area 
employment? 


Local area personal 
income® 





1A gricultural Stabilization and Conservation Service, USDA. 
2Bureau of the Census, USDC. 
3Bureau of Economic Analysis, USDC. 


may be incorporated. This factor may positively affect 
cropland values in areas with substantial oil, gas, and 
coal development. 


The final variable included in our initial model was 
the average value of nonirrigated cropland from 
ASCS described earlier, labeled CED in table 1. The 
inclusion of the CED variable as one of the regressor 
variables raises two interesting questions. The first 
question refers to the different roles assigned to the 
CED and the ALVS measurements, namely, one 
variable being specified as an independent variable 
and the other as the dependent variable, despite the 
fact that both variables measure essentially the same 
phenomenon. Our consideration in including the CED 


variable as the regressor variable was that this 
variable, unlike the ALVS, is measured in every 
county and can be used in the model without missing 
observations. Also, in contrast tothe ALVS estimates, 
whose precision depends on the realized sample sizes, 
which differ from one county to the other, the CED 
variable uses the same sort of information in every 
county. Theoretically, a better way to include these 
variables in the model would have been to specify both 
of them as dependent correlated variables. Notice, 
however, that this multivariate framework is much 
more complicated computationally, whereas the gains 
in terms of the efficiency of the resulting predictors 
would generally be low considering that both the 
univariate and the multivariate models exploit the 





same amount of information. If the joint distribution 
of the two estimators can be assumed to be bivariate 
normal, then the structure of the predictors as obtained 


under the two models is similar (even though not the 
same). 


The other question applies to the interpretability of 
the model. In some sense, the CED variable en- 
compasses and measures the interaction of all the 
other regressor variables included in the model and as 
such, the model has no longer a substantive causal 
interpretation. We re-emphasize, however, that the 
purpose of the analysis is the prediction of the county 
and State means. Thus, variables have been included 
in the model based on their prediction power and not 
with respect to their substantive interpretation, an 


important factor when analyzing the results of this 
study. 


Computation of the Predictors 
and Prediction MSE’s 


In this section, we outline the major stages in fitting 
the model defined by equations 2 and 8 to the actual 
data. A more technical and comprehensive discussion 


can be found in the P-B article. We assume a given set 
of regressor variables with typical values X{, = (1, X,¢) 
. Xo.) Corresponding to county sc. 


Preséntation of the Model in Matrix Notation 


Let Y.. represent the vector of observed values in 


county sc, and let Y;=(Y{, . . . Y/.,.) define the vector 
of observations in State s so that Y’=(Y/... Y’) 
defines the entire vector of reported land values. A 
similar notation is used for the residuals {e,.;}. We 
denote by &’ = (a, ...a,) the vector of State effects 


and by Y’=(y¥1,--- Yicuy +--+ Ygi- ++ Yscgy) the 


S 
vector of nested county effects of order T, = 2,06). 


Using the symbol @ to define the Kronecker product, 


Cis . 
n= + n,, to represent the number of observations 


Ss 


in States, andl’ | to define in general a 1 * m vector of 
ones, the model defined by equation 2 can be written 
compactly as: 


Y=XB+Z2,0+Z,7+£= X8+H, (4) 
where X’ = 

li ® x 
r—N 10(1) @ ~1C(1) °° = 


r ’ 
[1 Ny eT | i ny» Xi05 eee 


. Ang] @ xsl? + + * lngcisy ® Xorg] 














The vector yu satisfies: 


E(u) =0; 


E(u’ ) = 04, Zy Z', + af Zw Zw t 021, (5) 


where n = ¥n,and I , is the identity matrix of order n. 


Optimal Predictors of County and Strata Means 
Assuming Known Variances 


The optimal predictors of the county and Strata 
means are obtained in a straightforward manner 
from the optimal predictor of the vector a’ = (¢' , «’, y’). 
One way to derive the optimal predictor 4 and the 
associated variance-covariance (V-C) matrix of the 
prediction errors (A - a) is to compute a as the 
generalized least squares (GLS) solution of the re- 
gression model: 


, , y x 
Y{ | X,Z,,2Z, £ 


"= a}+ | aj=X°a+ 6%, (6) 




















’ 0, : Oc “4, x 
where 0 ., and ,0,,, define correspondingly a column 
null vector of order r= S+T, and a null matrix of 
order r * (k+1) (10). The error vector ¢° satisfies E( ¢°) 
= 0, E( e%” ) = V = Diag[o2,1’ ,, o41's, <i. ]. The 
GLS estimator of a is: . 








a= (X°V1IX9! X°V1Ye (7) 





Notice that X° is of full rank (assuming X is of full 
rank), which guarantees a unique solution. The V-C 
matrix of the prediction errors has the common form 


VAR(A-A)=E(A-A)(A-Ay =(K°VIX91, 8) 


where the block matrix consisting of the first (k+1) 
rows and columns of (X” V-!X°)"! is the V-C matrix of 


the GLS estimator B of 6.4 


The optimal predictors of the county means and the 
corresponding prediction variances are obtained from 


A and VAR(A - A ) as: 


a 
a 


Is = ‘ak a a, * Y se = h'A, (9) 
E(B,, - ge)” = bi ge (XV IX) "hg, (10) 


where bh’, = (x'g¢ » 4 s¢) and q’,, is a row vector of length 
s-] 
(S+T,) with 1’s in positions s and ( 2) C(t) + ©) and 


zeros elsewhere; [C(0) = 0]. 


The mean farmland values of the survey strata are 
obtained from the county means as: 
O,, = LaAgBee | L Age = L AgG (11) 


se~ sc’? 
sce sh sceésh scésh 


where a,, is the total acreage of the particular type of 
farmland in county sc, a,, is the proportion of acreage 
of that particular type of farmland in stratum sh that 
is found in county sc, and the summation is over 
counties in State s belonging to stratum h. Since 6,, is 
a linear combination of the county means, it follows 
that the optimal predictors of the survey strata means 
are: 


g ., = z Dee = a, + z Ace (x’ B + Y so) = fA, (12) 
sce sh se € sh 


where f), = (2 a. »’«, 1’g,) and ri, is a row vector of 
sc € sh 

length (S + T,) with one in position s, 4,,). « --Agncyshy IN 
the positions corresponding to counties included in 
stratum sh, and zeros elsewhere. C(sh) is the number 
of counties included in stratum h of State s. For 
example, s=1, if S=5,and h=1, then rj, = 
(1,0,0,0,0,| 2413. - . -44¢(11y0,. . . 0] 0,. . . 0). The predic- 
_tion variance of 8,, is: 





4an important advantage of expressing A as the GLS solution 
of the regression model (equation 6) is that the predictor and the 
prediction V-C matrix can be computed using any computer 
software for weighted regression with Yas the dependent variable, 
X° as the design matrix, and w’ = (1’ n+r) V* as the vector of 
weights. 


E(4,, - 9h)” = £ gy (X°V IX) sh’ (18) 


The use of equations 9-13 assumes that the sample 
includes farmers from every county. P-B gives the 
appropriate formulas for the case where some of the 
counties are not represented in the sample. The 


optimal predictors of the State means can be obtained 
in similar fashion. , 


Variance Estimation 


The discussion to this point assumes known variances. 
In practice, the variances have to be estimated from 
the sample. P-B discusses the practical aspects of 
estimating the unknown variances by maximum like- 
lihood methods assuming that the model random 
disturbances have a normal distribution. They il- 
lustrate that the variance estimates can be obtained 


by iterating between the procedures “REG” and 
“VARCOMP?” in SAS. 


Substituting the sample estimates for the true vari- 
ances in the formulas for 6,. and @,, gives the cor- 
responding empirical predictors-of the county and 
strata means. Performing a similar substitution in 
the formulas of the V-C matrices yields, in the case of 
large samples, the V-C matrices of the empirical 
predictors. These matrices have to be modified in the 
case of small sample sizes in order to account for the 
extra variability induced by the need to estimate the 
unknown variances. See, for example, Kackar and 
Harville (11). 


Application of the Model 


The model defined in the previous section was applied 
to data collected by the ALVS. The purpose of this 
analysis was twofold: to test the suitability of the 
model to the land values data, and to compare the 
performance of the model-dependent predictors with 
the performance of other possible predictors (esti- 
mators), including the survey estimator used by 
USDA. 


The USDA Survey Estimator 


The ALVS is an opinion survey of farmers and 
ranchers. Participants in the survey are selected by a 
stratified simple random design, carried out separ- 
ately within each of the States, with a 20-percent 
sample rotation from one year to the next. The 
questionnaire asks for information on average market 
value per acre of irrigated and nonirrigated cropland, 
grazing land, and woodland. The values reported by 
the farmers are averaged first within strata and then 
over the strata within States to yield estimates of 
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State average market value, by type of farmland (14). 
Until 1989, the averages within strata were simple 
means, while the averages of the strata means were 
weighted averages, the weights being relative to the 
total acreage of the particular type of farmland in the 
given strata. ERS changed its procedure in 1989, and 
the strata estimates are now weighted averages of 
county means. Acreages come directly from, or are 
derived from, the latest Census of Agriculture (28). 


Application of the Model to Corn Belt Data 


The survey data analyzed in this study are the values 
of nonirrigated cropland in the Corn Belt States as 
collected in the 1984 ALVS.5 Nonirrigated cropland 
constitutes the major land use in the region. The data 
consist of 871 farmers’ reports representing 5 States 
(Indiana, Illinois, Iowa, Missouri, and Ohio), 43 strata, 
and 251 counties. We excluded from the analysis the 
strata formed for the urban-influenced counties (see 
footnote 2) since the farmland values in these strata 
behave very differently from the values in the other 
strata, thus requiring extra treatment.® In urban- 
influenced counties, particularly those that are part of 
large metropolitan areas, farmland values are higher 
and have larger variances than counties in more rural 
areas. The mean and variances of farmland values in 
the excluded strata are 38 percent and 339 percent 
higher than in the remaining strata, respectively. 
Farmland values in urban-influenced counties exhibit 
little relationship to the agricultural characteristics 
that determine farmland values in rural counties, 
suggesting the need for alternative model specifica- 
tion. Although the current model does contain a proxy 
for urban influence (the POPULATN variable), county- 
level population cannot fully account for the influence 
of large multicounty metropolitan areas. Distance 
from the center of the county to the center of the 
nearest major metropolitan area might more ac- 
curately account for the variation in the excluded 
strata. Distance measures have been used in previous 
studies with good success. Such measures are not 
available from published sources, but future work 
should involve the development of such data. 


The 10 variables listed in table 1, plus an added 
intercept, formed the initial X matrix for the model 
(equation 4), while the dollar per acre values reported 





Restriction of the analysis to the Corn Belt was mainly for 
technical reasons, but this region, nevertheless, sufficiently il- 
lustrates the important features of the proposed procedures. 


6The Corn Belt consists of 495 counties: 49 are part of the 


excluded urban-influenced strata and 195 had no observations in 
the ALVS. 
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in the ALVS constituted the Y vector. The model was 
estimated based on the entire dataset. The significance 
of the B coefficients was tested by using the Wald 
statistic (29). The six variables listed in the lower part 
of the table and the intercept variable were jointly 
insignificant in the presence of the other four variables. 
(As discussed before, the emphasis in the present 
study is on prediction rather than on interpretation, so 
we chose to include variables with significant predic- 
tive power rather than variables necessarily having 
substantive interpretation.) Consequently, the non- 
significant variables were excluded from the model 
and were not considered in the rest of the analysis. 
(The Wald statistic for testing a hypothesis of the form 
H,: CB = O, where C is r * (k+1), is W=(CB)’ [C 
VAR(£ ) C'}!C8, and it has an asymptotic chi-square 
distribution with r degrees of freedom under Hy. The 
value observed when testing the joint significance of 
the seven variables was W=4.15, which was well 
below thecustomary critical values of that x?,, distribution.) 


Table 2 shows the four significant regression coef- 
ficients (first four elements of the empirical predictor 
A) along with their estimated standard errors, the 
variance components estimates, and twice the log of 
the likelihood ratio test statistic (log LRT) used for 
testing significance. These test values indicate highly 
significant variance component estimates as can be 
seen by comparing the test values to critical values of 
the xX) distribution. The test results should be in- 
terpreted with caution, since the postulated chi- 
square distribution is a large sample property, where- 
as the data represent only five groups. 


Table 2 reveals the highly significant nature of the 
CED variable, which is by far the most important 
predictive variable. To illustrate the importance of 
this variable, we conducted the following simple 
analysis, using ordinary least squares regression 
(OLS). An equation containing only the CED variable 
and an intercept was estimated and compared with an 
equation containing the four significant variables and 
an intercept. The regression sum of squares for the 
CED-only equation amounted to 96 percent of the 
regression sum of squares for the latter equation. 
Dropping the CED variable and estimating an equa- 
tion containing only an intercept and the other three 
significant variables results in a 30-percent reduction 
in the regression sum of squares. 


The dominant predictive power of the CED variable 
(available from ASCS data) is especially important 
because the information it contains is updated annually 
and in the same time period as the ALVS. This 
contrasts with the 5-year periodicity of information 
from the Census of Agriculture. 





Table 2—Significant regression coefficients and variance components 





Item CED PCTFARM POPULATN CROPSVALU 





Regression coefficients 0.59 663.8 357.4 811.1 
Standard errors .05 118.9 148.1 498.3 





Variance components Significance tests 2 log LRT 





Between States—of = 24,337 H,:06 = 0 60.2 


Between counties—o2 = 24,157 H,;02 = 0 31.6 


Residual—om? = 174,940 





Testing the Performance of the Model 


To assess the performance of the model in predicting 
the unknown strata and State means, we performed a 
cross-validation study by which the model-based 
predictor and other estimators were calculated based 
on one part of the sample (the estimation part). The 
performance of the predictor and estimators has been 
evaluated based on their quality in predicting the 
data included in the complementary part (the valida- 
tion part). This method differs from the direct analysis 
of all the data reported in the P-B article, with the 
advantage that the assessment and comparison of the 
various estimators and predictors are less tied to a 
particular model. The results obtained from the 
study, however, refer to the sample sizes of the 
partitioned data sets and not to the sample sizes of the 
combined sample, which are the actual sample sizes of 
the ALVS. 


We split the sample between counties within strata. 
About half the counties of each stratum were allocated 
to the estimation part and the other half to the 
validation part. We employed a simple random 
sampling design for the splitting algorithm. 


We evaluated the performance of four predictors of 
the survey strata means by computing the prediction 
bias and root mean square error (RMSE) of the 
predictors and averaging the results within States by 
using the relative strata acreages as weights. The 
strata-based analysis enables a comparison with the 
survey estimator used until 1989, which is defined by 
USDA as an unweighted average at the strata level.” 
Thus, let M,, represent any one of the four predictors 
and M,, = 2a,, Y,,/2a,, define the mean for farmers 
scE Va, sc EV.) 
included in the validation part of stratum h in States, 


where a,. is the acreage of nonirrigated cropland in 
county sc and Y,.. is the sample mean of observations 
in county sc. Assuch, the prediction BIAS and RMSE 
are represented by: 


BIAS,(M,,) = (2 aM, - My.) / 2 ay, (14) 
h h 


and 
RMSE,(M,,) = (z ay,(My, 7 M,,)* / z ay)’, (15) 
h h 


where a,, is the acreage of nonirrigated cropland in 
stratum sh and the summation & is over all the strata 
included in State s. h 


Using the prediction bias (equation 14) and RMSE 
(equation 15) as criteria, we compare the performance 
of the following predictors of the strata means: 


A. The USDA survey estimates, My which were 
defined as: 


My =2 mh z Dyer (16) 
sce E., sc Ee Ey, 


where the summation is over counties from stratum 
h in State s included in the estimation part. 





7Our cross-validation study was initially designed to evaluate the 
pre-1989 USDA estimator. Since we are trying to predict strata 
means over counties included only in the validation part, there was 
no apparent reason to prefer the new USDA estimator over the old 
USDA estimator. Supplemental analysis indicates that a com- 
parison between our estimator and either of the two USDA 
estimators is essentially independent of the weighting procedure 
used. In the augmented analysis, we considered a second split, 
which allocated approximately half of the farmers of each county to 
the estimation part and the rest of the farmers to the validation 
part. To reflect more closely the new procedure used by USDA in 
1989, we weighted our county predictions by county acreages. The 
results obtained for that second split are generally consistent with 
results reported here. 





B. The optimal predictors, (@£,), where the 
superscript “E” added to the previous notation is 
used to emphasize that the predictors have been 
calculated based on the estimation part and that 
the unknown variances have been replaced by the 
sample estimates. The optimal strata means 
predictors are defined as: 


OE. =a, OE. /Za,, (17) 
scE Vy, scé€ Vy, 


where 
6E.=x' Bt a, (18) 


The county effects, y,., are estimated as zero 
because the sample was split between counties, so 
that counties sc selected for the validation part are 
not represented in the sample. 


C. The synthetic regression estimators, R,,, which 
are calculated as weighted averages of the county 
regression estimators, R,. = x’,.6, where £ is the 
optimal maximum likelihood estimator (mle) of £ 
and the weighting procedure used is the same as 
that defined above for the optimal estimators. 


D. The synthetic regression estimators, , 


which are calculated in the same way as the 

estimator R,, except that 6 is estimated using 

ordinary least squares. 
The synthetic regression estimators, R,, and R°, 
represent alternative estimators that also incorporate the 
county-specific information. The estimator Ry, accounts 
for the correlations between the various farmers’ 
opinions which result from the common county and 
State effects (see equation 3). Specific estimates of the 
State and county effects, however, are not incorporated 
into this estimator. The OLS estimator, on the other 
hand, ignores State and county effects altogether. 


Table 3 gives the prediction bias and RMSE of the 
various predictors separately for each State. Also 
shown are the target weighted averages of the strata 
means in the validation part defined as 
M, =2 aM, / x ane 

h h 





84 robust predictor, incorporating a restriction to assure that the 
mean farmland value predicted under the model for the entire 
group of States will equal the survey estimator of that same mean, is 
derived in P-B. The bias and RMSE of the robust predictor came 
out very similar to those of the optimal predictor. This outcome can 
be considered indicative of the adequacy of the model. 


The main conclusion to note from the table is that the 
use of the alternative data sources improves the 
prediction of the farmland values. The improvement 
is evident at the State level as revealed by comparing 
the prediction biases of the optimal predictor and the 
USDA survey estimator. The prediction bias of the 
optimal predictor is substantially lower in four of the 
five States. Among the three predictors using the 
additional information, the optimal predictor is clearly 
the most accurate, demonstrating the benefit of 
accounting for State and county effects in the form of 
a variance components model. The two synthetic 
regression estimators show improvement relative to 
the USDA survey estimator in the prediction of the 
State means in two States, but the estimators actually 
perform less well than the USDA survey estimators in 
the other three States, particularly in Missouri where 
they miss by a wide margin. 


The RMSE of the optimal estimator is lower than the 
RMSE of the USDA survey estimator in three States. 
The reduction amounts to approximately 50 percent 
in two of those States. The RMSE of the optimal 
estimator in the remaining two States is only slightly 
larger than for the USDA survey estimator. The two 
synthetic estimators also show a reduction in the 
RMSE relative to the USDA survey estimator in 
three States, but the reduction is less pronounced than 
for the optimal estimator. For Missouri, the RMSE’s 
of the synthetic estimators are considerably larger 
than the RMSE of the USDA survey estimator. 


The use of the additional information not only improves 
upon the USDA survey estimators in terms of point 
predictions but also provides a basis for probabilistic 
inference. Table 4 contains the 95-percent prediction 
intervals for the validation State means. The TARE M)) 
intervals are of the form 6£ + Zaj2(VAR( AR(@ - M,)]!/? 
where the model-dependent estimates of the prediction 
variances are used in the calculation. The notable 
result from table 4 is that the validation mean is 
within the prediction interval. The bias (@£- M,) is less 
than 1.96[VAR(6E- M,)]/7in all five States, indicating 
the insignificance of the prediction bias at the 5- 
percent level. 


Conclusions and Model Extension 


The results of the empirical study indicate that the use 
of alternative data sources improves the precision of 
mean farmland value estimates. Consideration of 





Table 3—Bias and root mean square errors of strata means predictors 





Item Criteria Indiana 


Illinois 


Iowa Missouri Ohio 





State means 
(validation) 1,958 


Predictors: 
My, BIAS 


RMSE 


-116.8 
378.7 
7 E 
6®  _—i&BIAS 


RMSE 


BIAS 
RMSE 


-31.4 
182.6 


-187.5 
259.8 


Reh 


D ols 
R sh 


BIAS 
RMSE 


-137.2 
220.4 


1,689 


49.9 
278.0 


-4.1 
214.5 


-93.0 
233.8 


-60.1 


242.0 


Dollars per acre 
1,663 
73.5 
190.5 


23.5 
199.0 


-3.1 
197.6 


21.4 
207.5 





Table 4—Confidence intervals for the validation State 
means 





Validation 


State Upper limit mean Lower limit 





Dollars per acre 
1,958 
1,689 
1,663 
822 
1,484 


Indiana 
Illinois 
Iowa 


2,073 
1,879 
1,815 
1,074 
1,580 


1,779 
1,507 
1,557 

736 
1,254 


Missouri 
Ohio 





State and county effects in the form of a nested, 
variance-components model adds to the precision of 
the assessments. The computations involved in the 
application of the procedure can be performed using 
available statistical software. In addition, the model 
provides a satisfactory basis for probabilistic in- 
ference. 


Although the study demonstrated the potential for 
predictors derived under the model to improve sub- 
stantially upon the estimators used by USDA, the 
results strictly apply only to a major land use (non- 
irrigated cropland) in a very homogeneous farm 
production region (the Corn Belt). The procedure’s 
ability to produce improvements for irrigated crop- 
land, grazing land, and woodland in more hetero- 
geneous regions is yet to be tested. A full evaluation 
would also involve extension of the model to include 
more States in the analysis and the consideration of 
additional regressor variables. The inclusion of more 
States will provide mere stable estimates for the 
variance components and, hence, better predictors of 


State and strata farmland values. Notice in this 
respect that it is unnecessary to assume the same 
regression coefficients for all regions. By appropriate 
definition of the design X-matrix, different vectors of 
coefficients can be postulated for different regions. 


Consideration of additional regressor variables may 
improve the predictions. Variables that jointly account 
for both population of major metropolitan areas and 
county location relative to those areas may be es- 
pecially helpful. Such variables, which represent 
access to social services, recreational facilities, and 
other quality-of-life conditions, may be most useful in 
modeling farmland values in the urban-influenced 
strata that were excluded from this study. 


Asa final note, we point out the potential applicability 
of this procedure to a wide variety of data obtained 
from surveys conducted by ERS and NASS. With 
appropriate modification, the procedures could be 
applied, for example, to farmland value data obtained 
in the FCRS. 
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Dynamic Specification in Econometric Estimation 


James R. Malley 








The use of dynamic specification with an error cor- 
rection mechanism (ECM) in single-equation and 
multiequation macroeconomic forecasting models has 
become widespread over the last decade. In a single- 
equation context, the recent work of Hendry (4,5) on 
aggregate consumption and money demand has been 
very influential.! The foundations of this research rest 
heavily on the earlier wage-price work of Sargan (8). 
In a multiequation context, all the major United 
Kingdom macroeconomic models, including the London 
Business School and the Bank of England, have adopted 
dynamic specification and the ECM in many of their 
single equations. In the United States, the Federal 
Reserve Board’s multicountry model also makes ex- 
tensive use of this technique. 


What is Dynamic Specification 
with an ECM? 


Dynamic specification and the ECM do not pertain to 
yet another single-equation econometric estimator 
such as ordinary least squares (OLS) or minimum 
absolute deviations (MAD). Rather, a dynamic ECM 
specification refers to a general class of functional 
forms that can be used to describe a particular lag 
distribution. ECM forms can be used as alternatives, 
for example, to Koyck or Almon lags to describe the 
behavior of the economy or an economic relationship 
as it evolves over time. As with other lag distributions, 
ECM forms are also used to measure the length of 
time with which certain target or dependent variables 
respond to changes in instrument or independent 
variabies. 


There are two main advantages of equations specified 
in this manner. First, they allow the researcher to 
make a distinction between shortrun dynamics and 
longrun equilibrium. ECM forms allow the shortrun 
dynamics to be determined by the data. This is 
desirable since economic theory usually does not offer 
much guidance on the shapes of lag distributions. In 
addition, sensible longrun equilibrium conditions can 
be directly imposed on the equation. Later in this note, 
I show how the distinction between short run and long 
run is made analytically and empirically. 





Malley was an economist in the Agriculture and Rural Economy 
Division, ERS. He is currently a lecturer at the University of 
Stirling, Scotlar:. 


l}talicized numbers in parentheses cite sources listed in the 
References section at the end of this article. 


Second, these specifications tend to lead to forecasts 
that display little tendency systematically to over- 
predict or underpredict the variables of interest. This 
is because they are estimated in growth rates of the 
dependent and some of the independent variables, 
which is typically sufficient to obtain white noise 
residuals. The method by which certain variables are 
chosen to enter the equation as either levels or growth 
rates is not covered in this note. The interested reader 
should refer to the work of Hendry (5) for a taxonomy 
of the classic general-to-specific approach and to 
Engle and Granger (3) for a discussion of their two- 
step estimation procedure, which aims to enter 
variables into the regression that display the 
appropriate degree of integratedness. 


Motivations Underlying the Development 
of Dynamic ECM Models 


In typical economic time series data, especially annual 
and quarterly data, “levels” equations estimated with 
least squares frequently have an error structure that 
is not covariance stationary. In other words, the error 
structure is not invariant with respect to time. A non- 
stationary error structure is generally associated 
with relationships estimated by using highly trended 
variables. Variables containing a time trend naturally 
produce very high correlations with each other. Re- 
lationships among highly trended variables, however, 
are typically meaningless devices for describing causal 
links. A sufficient condition for the error structure to 
be stationary is that all the variables in the equation 
be stationary. One well-known method of attempting 
to deal with nonstationarity is to transform each 
variable from its level to its growth rate (3). Growth 
rates are much more volatile than levels and con- 
sequently more difficult to explain using variables 
that have no causal link with the dependent variable. 


The innovation of the ECM approach is to employ a 
specification that uses a combination of growth rates 
and levels while simultaneously attempting not to 
violate the basic set of assumptions in regression 
analysis. Equations estimated in this manner allow 
the relevant economic theory to enter the formulation 
of longrun equilibrium in levels while the shortrun 
dynamics of the equation are determined by growth 
rates. The form of a simple dynamic specification in 
two variables with an ECM is as follows: 


AlnY,= a+ BAInX,+ yln(X,.,/Y4.,) + § (1) 
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where, 

A = first difference operator, that is, AY =Y,-Y;,, 

In =natural logarithm 

a =constant term 

e, = stochastic disturbance term, which is jointly 
dependent on the distributions of X and Y. 


In the following section, I will show how the simple 
model in equation 1 can be derived from a general 
autoregressive distributed lag model. This derivation 
is necessary to interpret the parameter estimates 
presented later. 


Derivation of Dynamic Specification 
with an ECM 


The following model: 
InY,= a+ BlnY,., + olnX,, + OlnX,, + *, 
where, 


a = constant term 

ipBl<1 

£,= stochastic disturbance term, which is jointly 
dependent on the distributions of X and Y, 


can be interpreted as the modified or free-form Koyck 
lag model. It differs from the familiar simple Koyck 
lag model in that X, and X,., are estimated freely 
before the imposition of the declining geometric lag 
distribution. The lag distribution describes the effects 
of X,..to X,.,0n Y,and is captured by Y,_,. Estimating 
this equation in “levels,” however, can imply a some- 
what limited longrun equilibrium or steady-state 
solution. For example, if we begin by assuming that, 
in equilibrium, actual Y, equals desired Y (Y"), then 
by design we will have a longrun “static-levels” 
interpretation to the solution. This is the assumption 
employed in the standard partial or stock adjustment 
model. Under this assumption, Y* in the following 
equation is found by suppressing the disturbance 
term and setting actual X, to desired X (X’): 


InY* = a/(1-B) + [(o+@)/(1-B)] InX", (3) 
or Y* = e@/(1-AX *(o+9)/(1-B)] (4) 


or Y*= kX”, (5) 


where, 


k = the constant term, that is, k = e7/(!-4) 
v = the longrun elasticity of Y* with respect to X*, that 
is, v = [(a+@)/(1-B)]. 


The assumption that equilibrium is characterized by 
a single value, that is, static, underlies the derivation 
leading to equation 4. Sargan suggests another way to 
estimate equation 2 based on a more general charac- 
terization of the longrun equilibrium solution by 
rewriting equation 2 and estimating it in difference 
terms (8). As described above, this procedure can 
generate stationary time series, which can give 
estimators more desirable statistical properties and 
the equation potentially better forecasts. This is be- 
cause white noise residuals may be obtained by the 
appropriate order of differencing. In addition, re- 
writing this equation and estimating in growth rates 
will yield a more general longrun steady-state solution 
that will be constant in growth rates but dynamic in 
levels. Sargan’s longrun steady “static-growth” but 
“dynamic-levels” equilibrium is derived by allowing 
X* to grow at a constant rate Gx. The form of the 
longrun relationship between “levels” of Y° and X" is 
the same as in equation 5, that is, Y* = kX*’. However, 
the two notions of equilibrium that are used to arrive 
at the steady-state solutions are profoundly different. 
To arrive at equations 4 and 5 from equation 3, it was 
assumed that X would equal X”* in equilibrium. 
This assumption implies that the growth in X" is zero. 
Sargan, on the other hand, arrives at equation 5 by 
assuming that, in equilibrium, the growth in X will 
equal the growth in X”*.2 


Under Sargan’s approach, if the steady-state growth 
equilibrium solution is to be maintained in the long 
run, then Y* will have to grow at the rate Gy=vGx. The 
parameter v, by definition, is the longrun elasticity of 
Y* with respect to X*, that is, v=Gy/Gx. For example, 
application of the elasticity formula 


e = DY/0X*(X/Y) to equation 4 yields: 


= v(¥/X")(X¥!)(X/Y) 
= vYX*X"!IXY"! 

= wW(¥/Y)(X*\(X")X 
= V. 


The first step in rewriting equation 2 is tosubtract the 
expression (InY,,+ alnY,.,) from both sides of the 
equation, which yields: 


AlnY, = a + (B-1)InY,., + aAlnX, + 
(o+)InX,., + § (6) 





2Mechanically, different assumed levels of X* could be applied to 
equation 4. However, given the assumptions of the standard stock 
adjustment model, each newly assumed X* implies a new steady- 
state equilibrium. While constant nonzero growth rates of X* could 
be generated across equilibrium states, this is clearly not equivalent 
to the within equilibrium growth rate of X* in the Sargan approach. 





Further rearrangement gives: 


AlnY, = a+ oAlnX, + (B-1)[InY,.,- 
(o+@)/ (1-B)lnX,,;] +*, (7) 


In equation 7, the longrun elasticity (v) of Y° with 
respect to X* is (a+@)/(1-8). The expression for v is the 
same as in equation 5. Substituting the assumed 
longrun relationship between Y* and X* from equation 
5 into equation 7 by setting Ink=InY,.,-vlnX,.;, 
AlnY =Gy=vGx, AlnX,=Gx, and suppressing the dis- 
turbance term yields: 


vGx = a+ oGx + (B-1)Ink. (8) 
Further rearrangement gives: 


k = ela (o-v)"Gx / (1-8) (9) 


therefore, in the long run: 


Y= ela + (o-vGx / (1-8) X*1o +4) / (1-6) (10) 


Inspection of equations 5 and 10 shows that the 
difference between the notions of longrun equilibrium 
lies in the definition of k. The next feature of the 
Sargan and Hendry approach is the mechanics of the 
lag distribution as described by the error correction 
mechanism. The ECM term appears in equation 7, 
that is, [InY,.,-(9+@)/(1-6)inX,,]. If AlnY, starts to 
grow at a rate that is inconsistent with its longrun 
steady-state growth path, then the ECM acts to pull it 
back on track. AlnY, might deviate from its longrun 
growth rate, for example, if there were a series of 
extremely large random disturbances or a systematic 
effect of a missing variable(s) not specified in the 
longrun solution. The ECM has this corrective effect 
because the |f/<1, making the sign of (B-1) negative. 
For example, as Y,;, becomes larger (smaller), the 
value taken by the term in square brackets become 
larger (smaller), but this value is then multiplied by 
the negative (B-1) term, which has the effect of 
lowering (raising) AlnY,. A version of the ECM made 
popular by Hendry (4,5) assumes that v=1. This makes 
the estimation process more straightforward, since 
the lagged logged ratio of Y to X can be entered 
directly into the function as in equation 7. 


At the estimation stage, it is typical to experiment 
with both freely estimating v and imposing the unit 
elastic assumption. The economic reasonableness of 
this assumption is judged relative to the theory 
underlying the relationship. Estimating v can be done 
quite easily by rewriting the ECM andentering InY,., 


and InX,_, directly into the relationship (see equation 
6).3 
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Estimating Aggregate U.S. Consumption 
Expenditure 


Following is a numerical example of adynamic ECM 
consumption function which illustrates the concepts 
covered above. This equation is borrowed from the 
SGM model and follows the work of (1). Aggregate 
consumption expenditure is modeled as a function of 
income and inflation. Consumption is defined as C, 
personal disposable income as Yd, and the GNP 
deflator as P. Using annual data from 1960 through 
1988, the estimated consumption function is: 


AlnC, = 0.64AlnY4d, - 0.24In(C,,,/Yd,,) - 0.23AlnP,, (11) 
(0.10) (0.07) (0.10) 


Mean AlnC, = 0.034 
S.E. of regression = 0.009 
Adjusted R-Squared = 0.71 
Durbin Watson = 1.76. 


The standard error of each coefficient is reported 
underneath it in parentheses. Also, note the absence of 
a constant term and that v is constrained to be unit 
elastic. Constant terms are generally omitted in esti- 
mated difference equations since they imply a drift in 
the longrun steady state. 


According to Hendry, the relationship estimated here 
is a feedback model. For example, each year consumers 
plan to spend the same amount as in the previous year 
(InC, = InC,,,), modified by a proportion of the annual 
change in income (+0.64AlnYd,) and inflation 
(- 0.23AlnP,). This determines a shortrun consumption 
decision, altered by -0.241n(C,_,/Yd,_,). The ECM term 
provides feedback from the previous C/Y ratio, 
ensuring coherence with the longrun desired outcome 
C*=kYd"*. The implied consumption-income relation 
on a steady-state growth path is calculated as follows: 
set AlnC,= G1, AlnYd=vG1 or G1 since v=1, and 
AlnP,=G2. Therefore, based on equations 7 and 8, we 
can obtain: 


G1 = 0.64G1 - 0.241nC* + 0.24InYd" - 
0.23G2, (12) 


or InC* = [(-0.36G1 - 0.28G2)/0.24] + InYd’, (13) 





3For example, the ECM can also be written as: [611nY,_)- 
621nX;,.,], where, 61=(-1) and 62=(B-1)v. Since 61 is uniquely 
determined, v=62/61. For pedagogic purposes and simplicity of 
notation, the analytic derivation of the model has been done by 
using a two-variable example. Extensions to the n variable model 
are trivial. 





or C*= kYd", 
where, 


k= el(-0.36G1 - 0.238G2)/0.24) 


At assumed longrun 2-percent growth rates in con- 
sumption and income (G1=0.02) and 5-percent inflation 
(G2=0.05), the average propensity to consume (APC) 
or marginal propensity to consume (MPC) is k=0.93.4 
For a 0.15 G2 value, the APC or MPC falls to 0.84. 
From these calculations we can also solve for the 
longrun steady-state elasticity of consumption with 
respect to G2. As is evident from equation 13, this 
elasticity is a function of the assumed steady-state 
growth path of G1. Using the values from the original 
example, if G1=0.02 and G2=0.05, k=0.93. Holding G1 
ata constant 2 percent and increasing G2 toa constant 
15 percent (that is, a 200-percent increase), reduces k 
to 0.84 (that is, a 9.69-percent decline). Therefore, 
assuming G1=0.02, the steady-state elasticity of 
consumption with respect to inflation is -0.05 (that is, 
-9.69/200 percent). At a different assumed steady- 
state growth rate in Gl, the elasticity value of 
consumption with respect to inflation will change. 


Conclusions 


The consumption function case was chosen because it 
is familiar to most economists regardless of their 
specialization and because it is easily adapted to more 
disaggregated studies. Applied economists are en- 
couraged to consider this type of specification in their 
research because of the ease of application, along with 
the desirable statistical and forecasting properties of 
dynamic ECM’s. Agricultural economists may be 
particularly interested in this example because it 
could be modified easily to cover consumer demand 
for different commodities. 





4In the case where the longrun elasticity of consumption with 
respect to income is equal to 1. the APC and MPC are equal. 
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Tweeten vs. Tweeten 








Farm Policy Analysis. By Luther Tweeten. Boulder, 
CO: Westview Press, 1989, 399 pages, $48.50 


Reviewed by Lloyd D. Teigen 


A lot can change in 10 years. Tweeten’s views of farm 
policy sure have. At least, that’s my reading of the 
differences between his latest text and the Foundations 
he published in 1979. I’m not sure it’s for the better. 


Promotional material asserts that Farm Policy Analy- 
sis is “a completely new look at the problems of 
farming in the United States today, ” although it was 
originally intended as the third edition of his Founda- 
tions of Farm Policy. Sixteen chapters and 567 pages 
were reduced to 12 chapters and 399 pages in the 
revision. Four chapters in the Foundations were 
eliminated and four others combined into two for the 
current text. Two new chapters were introduced in 
the 1989 work. 


New are chapters on “Environmental and Natural 
Resources” and “Poverty, Human Resources, and 
Rural Development.” Gone are “Food and Nutrition,” 
“Farm Organizations and Protest,” “Economic History 
of American Agriculture: Attitudes, Institutions, and 
Technology,” and “Economic History of American 
Agriculture: Interpretation and Evaluation.” Chapters 
on goals and values for farm policy from a rural 
perspective and from an urban-industrial perspective 
are combined into a chapter on “Values, Beliefs, and 
Politics.” “Agribusiness Conduct, Structure, and Per- 
formance” combines two chapters on market structure 
for purchased inputs and for farm products with new 
material on commodity futures markets. A glossary of 
agricultural policy terms is new to the 1989 book, and 
the appendix deriving utility measures from industry 
demand and supply was dropped from the 1979 text. 
“Public Welfare and Economic Efficiency” was 
renamed “Public Welfare and Economic Science.” 


This work deprives policy students of the context, 
motivation, and history of the programs affecting 
agriculture. I think that’s a real loss. Perhaps the past 
is irrelevant to policy directed at removing Govern- 
ment from agriculture. But, even that requires 
knowing what values are being represented by which 
interest groups in order to neutralize their opposition. 





Teigen is an economist in the Agriculture and Trade Analysis 
Division, ERS. 


Tweeten recognizes the disengagement of Government 
from farm policy, and economic policy generally, 
when he states (p. 32), “An important principle of 
policy analysis is that the presence of an economic 
problem is not sufficient justification for public inter- 
vention (his emphasis). It is necessary to show that the 
social costs of public intervention are less than the 
social costs of the market failures or other problems 
the public programs attempt to address.” But, the role 
played by budget reform and deficit reduction 
legislation in this policy redirection is not discussed in 
his text. 


Tweeten’s greatest turnabout reflects his thinking on 
resource returns in farming. The chapter title in 1979 
was “Farm Problems: Low Resource Returns,” but it’s 
“Explaining Alleged Chronic Low Returns” in the 
current book. His 1989 summary reads: 


Neither theory nor empirical evidence sup- 
ports the hypotheses that commercial farms 
are chronically predestined to earn low returns 
in farming in the absence of government 
intervention. The farming industry demon- 
strates substantial resiliency in adapting to the 
uncertain environment in which it operates. 
This is not to deny that even well-managed 
commercial farms do not receive low incomes, 
low rates of return, and capital losses some 
years, and sometimes for several years. (p. 129) 


Contrast that with his 1979 summary: 


Data presented in this chapter document the 
prevalence of low rates of return on farm 
resources. These are symptoms of a more basic 
problem of excess resources. And excess 
resources are a symptom of an even more basic 
problem--the lack of resource mobility. (p. 197) 


Tweeten’s 1989 conclusion has been evident for more 
than 40 years to analysts examining the distribution 
of income within the sector. The ratio of total income 
in the farm sector to the number of places that have or 
normally would have had $1,000 or more gross sales is 
terribly misleading. Policy based on sectoral-average 
income per farm is bad policy. 


Trade liberalization and market volatility illustrate 
other changes in Tweeten’s viewpoint. Luther sub- 
scribes to Schuh’s 1976 observation that greater 
integration of world trade and financial markets 
makes the U.S. farm and nonfarm economy sensitive 
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to foreign events (p. 167). He also argues that broad- 
scale trade liberalization would dampen price move- 
ment throughout the world by increasing the price 
elasticity of demand (p. 159). In 1979, Tweeten said 
that free trade “could double the price elasticity of 
demand for U.S. exports” (p. 231), while in the 1989 
text, free trade merely “would raise the price elas- 
ticity.” His 1989 text criticizes the tendencies of the 
European Community to export its production in- 
stability, while the 1979 text said nothing about EC 
trade. After all, they were still buying U.S. grain at 
that time. Tweeten’s assessment of the likelihood of 
trade liberalization is reflected by the elimination of: 


But in view of vested interest in protectionist 
policies, it would be naive to conclude that trade 
liberalization, however attractive to economists, 
will soon dampen price volatility in world 
markets for farm products. (1979, p. 231) 


Tweeten makes widespread use of ERS descriptive 
and analytical reports in his discussion, and praises 
the agency (p. 94): “...the most comprehensive objective 
information from government comes from the Eco- 
nomic Research Service, USDA, in the executive 
branch. Land-grant universities, of course, also con- 
tribute in a major way.” But, his sources are not 
consistently cited. He mentions PEST activities on 
p. 51 without citing Rausser as originator of the 
concept. He footnotes (Johnson, 1987) on p. 37 without 
including the work in his references. His figure 1.1 
depicts commodity and multifactor terms of trade, 
which represent two-thirds of a figure in an uncited 
agricultural information bulletin on parity. 


He does cite my larger report on parity in his short 
history of commodity programs, and defines parity 
prices in this glossary with better precision than the 
definition in the Fact Book of U.S. Agriculture. But, 
Tweeten makes a factual error when he notes that the 
“specific concept of parity price was used for the first 
time in legislation” in the Agricultural Adjustment 
Act of 1938 (p. 327). Parity prices were defined in the 
1933 Agricultural Act. In fact, his discussion of 
support levels under the 1933 Act quotes corn at 60 
percent of parity and cotton at 69 percent of parity (p. 
325). The erroneous text did not appear in his 1979 
book, and was probably intended for insertion in his 
discussion of the 1933 Act but escaped his editor’s eye. 


The additions and deletions to the opening of his 
chapter on “Commodity Programs: A Short History” 
illustrate the editorial gains and losses between the 


1979 and 1989 texts. Added in the 1989 text (p. 323) 
was: 


A historical review and calculations of agri- 
cultural price parity are found in Teigen (1987). 


Deleted from the 1979 text (p. 456) was: 


The chapter deals primarily with programs of 
the federal government to alleviate commercial 
farm problems described at some length earlier. 
Federal programs to alleviate problems of 
rural poverty are described elsewhere (Tweeten 
and Brinkman, 1976). An account of the excite- 
ment and drama of political infighting is sacri- 
ficed in the interest of brevity in the following 
pages. This is unfortunate, and the reader is 
encouraged to read such able presentations as 
Pressures and Protest (Hadwiger and Talbot, 
1965) and The Policy Process in American 
Agriculture (Talbot and Hadwiger, 1969). 


I’m pleased with his citation, but feel its wording is 
clumsy and not nearly as fluid as that excised from the 
1979 text. Other similar examples could also be found. 
Generally, I found the aesthetic appearance of the 
1979 text and its artwork more pleasing than that in 
the 1989 book. 


I expected much from Luther’s new text for many 
reasons, but I was somewhat disapppointed. The 
bottom line is that I would use his 1979 Foundations, 
rather than the current text, if I were teaching a 
course in agricultural policy. I don’t think policy can 
be understood absent the context in which it arose or 
evolves. I think Tweeten erred by eliminating the 
contextual material. 
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Community Economics: A 
Neoclassical Synthesis 








Community Economics: Economic Structure and 
Change in Smaller Communities. By Ron Shaffer. 
Ames: Iowa State University Press, 1988, 322 pages, 
$32.95. 


Reviewed by David A. Henderson 


Community economics is an abyss few academic 
agricultural economists have ventured into. The 
subject is usually subsumed in the curriculum as a 
subtopic in rural development, as the word “com- 
munity” does not exist in a formal economics dictio- 
nary. The title “Community Economics” intrigued me 
and I wondered whether the book would be a reitera- 
tion of urban, regional, and developmental theories, 
or would the book contain new methods and insights 
for economists interested in the field. 


The monograph contains elements of spatial theories, 
but I was pleasantly surprised to find a neoclassical 
synthesis applied to community. Although Shaffer 
does not break new theoretical ground, he does provide 
the neoclassically trained economist with the needed 
conceptual framework for community analysis. The 
neoclassical theme of the book provides a sound 
economic theoretical base in which community 
economic analysis can be framed. Shaffer adequately 
expands the neoclassical economic theme throughout 
the book and by doing so addresses the wider scope of 
community deveolpment. The extension of the neo- 
classical theme into more specific topics keeps the 
monograph interesting and gives it a more holistic 
framework. 


Shaffer overcomes the lack of a precise economic 
concept for community by defining community from 
an applied perspective. Community was defined as a 
market area containing a political body which makes 
and implements decisions that affect the economic 
linkages in the community market. The applied 
framework develops the geopolitical community as a 
decisionmaking unit so the neoclassical efficiency 
principles of maxima or minima can be applied to 
community market problems. Market failures are 
introduced that violate the axioms of the neoclassical 
model and provide the rationale for Tinbergen-type 
public policy intervention at the community level. 





Henderson is an agricultural economist with the Agriculture and 
Rural Economy Divison, ERS 


The primary contribution of the book comes when 
Shaffer illuminates his intuitive knowledge of com- 
munity economics. For instance, the development and 
discussion of multipliers in the impact analysis section 
of the book clarifies much of the misuse of multipliers 
in community analysis. The practical experience of 
the author is communicated with statements like: 


Toa large extent the degree of leakage depends 
on the level of the community in the central 
place hierarchy....Larger communities are 
capable of capturing and keeping a higher 
proportion of spending connected with a de- 
velopment event (i.e., they have a larger 
marginal propensity to consume locally). (pp. 
235-36) 


A secondary contribution of the monograph is its 
extension orientation. Shaffer successfully takes com- 
munity economics out of the academic realm and 
places it in the real world with his outline of com- 
munity strategies and program implementation. 
Shaffer takes a step in the right direction by unifying 
the neoclassical models with the real life outreach of 
extension development plans. 


The major weakness of the monograph is that it 
contains no general dynamic theory of community 
economic adjustment. The neoclassical equilibrium 
approach precludes dynamic modeling by constraining 
community markets to always return to an equi- 
librium. Shaffer completely rejects cumulative causa- 
tion and stage models because of their lack of policy 
interjection points, but in doing so he limits com- 
munity economic development to the neoclassical 
growth model. 


The monograph is criented toward the novice reader, 
but the morsels of accumulated knowledge Shaffer 
laces throughout his treatise will also provide insights 
for the rural development specialist. The rural 
development practitioners who have no formal 
training in economics will find the economic models in 
the manuscript useful in communicating with the 
professionally trained economist. The book is worth 
reading and should be a contribution to the reference 
library of those interested in rural development. 
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The Rural Transportation Dilemma: 
Questions and Answers 








Profitability and Mobility in Rural America: 


Successful Approaches to Tackling Rural 
Transportation Problems. Edited by William R. 
Gillis, University Park, PA: The Pennsylvania State 
University Press, July 31, 1989, 246 pages, $24.95. 


Reviewed by T.Q. Hutchinson 


“Why is there so little research in transportation?” isa 
question often posed by my colleagues. This book does 
not supply an answer but does demonstrate that the 
question remains valid. From its title, one would 
suspect that the book is a handbook for commissioners 
of roads. It is not. Only 1 of the 14 essays deals with a 
grass roots, practical issue, salting roads. Most of the 
others discuss the many transportation problems now 
confronting rural areas. Not all of these directly affect 
agricultural producers. Nor are the problems limited 
to movement of goods through marketing channels. 
Transportation-related problems of rural community 
development and viability are also shown to exist. One 
of the best essays deals with the lack of passenger 
service for the rural young and old and those phy- 
sically, mentally, or economically disadvantaged. 
Kidder states that while deregulation removed the 
cross-subsidies prevalent in passenger traffic, it also 
removed the service. This has, to an extent, been 
replaced by narrowly targeted programs, which may 
aid the elderly but not the infirm, or the infirm but not 
the poor. Deregulation has produced a set of frag- 
mented, complex programs whose efficiency is subject 
to question. 


Most of the essays are good, some are better. I 
particularly recommend those by Baumel and others, 
Chicoine and others, and Cornelius and Kidder. 


Some essays show the problems to be numerous and 
complex. They also show that simple solutions are 
bounded by constraints, with none offering more than 
a partial answer to a narrowly defined issue. 


While some research results are presented, clearly 
most rural transportation questions remain un- 
answered. For anyone wishing to journey in a nearly 
unexplored land, this collection is required reading. 
With luck, the readers will render my colleagues’ 
question irrelevant, and rural people and communities 
will benefit. 





Hutchinson is an agricultural economist with the Commodity 
Economics Division, ERS. 





The papers include: “Introduction: The Relevance 
of Rural Transportation” by William R. Gillis; 
“Extension Involvement in Rural Transportation” 
by Donald L. Nelson; “Alternatives for Solving the 
Local Rural Road and Bridge Problem” by C. 
Phillip Baumel, Eldo Schornhorst, and Wesley D. 
Smith; Financing Rural Roads and Bridges: 
Issues and Trends” by David L. Chicoine, Norman 
Walzer, and Steven C. Deller; “Deregulated 
Agricultural Transportation: Problems and 
Issues” by James C. Cornelius; “The Effect of 
Transportation Service on the Location of 
Manufacturing Plants in Nonmetropolitan and 
Small Metropolitan Communities” by Frank M. 
Goode and Steve E. Hastings; “Effective Trans- 
portation Management at the Firm Level” by 
James Beierlein; “Passenger Transportation 
Problems in Rural Areas” by Alice Kidder; 
“Movement of Hazardous Materials in Rural 
America” by Eugene R. Russell, Sr.; “Planning 
Rural Transportation Systems: Applications of a 
Statewide Network Model” by Dean Linsenmeyer, 
Azzaddine Azzam, and Duane Olsen; “Adjusting 
toa Changing Transportation Regulatory Environ- 
ment—The Case of Trucking-Exempt Com- 
modities” by Wesley W. Wilson, Gene C. Griffin, 
Kenneth L. Casavant, and Daniel L. Zink; “A 
Short-Line Solution to Rail Branch Line Abandon- 
ment: A Comparative Case Study” by Henry M. 
Bahn; “Highway Salt Management” by Donald J. 
White; “How Technology Transfer and Cooperative 
Extension Depasture Highways and Maintain 
Rural Roads” by Kate Skelton and Lynne H. 
Irwin. 











The Book I Meant To Write 


Regulation and Deregulation of the Motor Car- 
rier Industry. Edited by John Richard Felton and 

Dale G. Anderson. Ames: Iowa State University Press, 
1989, 209 pages, $24. 95. 


Reviewed by T.Q. Hutchinson 


This is the book that I have always intended to write. 
The topic is timely, the organization is logical. In- 
dividual chapters are equally logical. The writing is 
both clear and succinct, and it is well (while not 
excessively) documented. 
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The topic is the Motor Carrier Act of 1935, which still 
exists in amended form. The book can be viewed as a 
four-part whole: (1) Events leading to the Act of 1935. 
(2) The constraints stemming from the act and a 
major revision in 1957. These constraints included 
restricted entry, relatively rigid rates, and a variety 
of exemptions to some or all of the rules. (3) The 
administratively complex rules and the often inef- 
ficient industry that resulted from regulation. Es- 
pecially illuminating was the point that rate bureaus 
restrained rate reductions, not so much by collusive or 
overtly coercive behavior, but by reducing the com- 
petitive advantage of lower prices. This is the best 
section and many insights are available. (4) A pre- 
liminary assessment of the impacts of the substantial 
deregulation that took place in late 1980 caps the 
discussion. 


Many of the pieces contained in this work were 
published previously. Bringing them together, how- 
ever, adds to their value. The book is any easy read, far 
easier than the task of tracking down a number of 
journal articles, proceedings, and monographs. 


For me, the book’s highlight was its focus on the 
lightening of economic regulation in the late 1970's 
through administrative fiat. Thus, deregulation has 
been as much a product of evolution as of legislative 
revoluton. The point is also made that academic 
opinion was a powerful force in the deregulatory 
movement. 


While the book clearly reinforces my biases, it is the 
reviewer's prerogative to carp. The first section lays 
out the relevant events leading to regulation, but does 
not deal with the goals of the regulators in more thana 
superficial way. Based on conversations with and the 
writings of the academics (and others) who brought 
motor carrier regulation into being, I feel that a 
discussion of their beliefs and intentions would be 
useful. Without an understanding of the overall goals 


of regulators, it is not possible to realize the extent to 
which motor carrier regulation fell short. 


Steeped in public utility theory, the involved academics 
attempted to constrain marketing of transportation 
services and control both inter- and intra-modal 
competition. In return for loss of competition’s 
potential benefits, motor carriers were promised, 
nearly guaranteed, astated return on investment. For 
public, single-product utilities with large startup 
costs, the approach remains at least moderately 
successful. For multiproduct transportation suppliers 
with nominal barriers to entry, the process was much 
less successful. It cannot, however, be deemed a total 
failure. Motor carrier regulation has lasted about 45 
years and has not yet vanished. 


The book also scans the influence of deregulation. This 
is probabiy not the author’s fault. Deregulation 
brought the demise of data collection, so examining 
before and after conditions is difficult. 


The book tantalizes with hints that deregulation has 
not been a complete success. Dempsey (The Social and 
Economic Consequences of Deregulation, 1988) in- 
dicates that the trend toward consolidation during 
1940-72 recommenced in 1982. By 1985, the 10 largest 
less-than-truckload carriers enjoyed 67 percent of the 
market. While recourse to the Federal courts is 
available, such recourse is beyond the financial ability 
of most small shippers. Our experience with de- 
regulated airlines has not been entirely good either. 
Many questions still remain. 


I recommend this book to other economists. I think it 
contributes much, but if it does nothing else, it shows 
the policymaking influence of researchers for good 
and ill. 





Australian Summary of Japan’s 
Farm Policy 








Japanese Agricultural Policies: A Time of Change. 
Australian Bureau of Agricultural and Resource 
Economies Policy Monograph No. 3, 1988, 359 pages, 
$44.95. 


Reviewed by Lois Caplan and Larry Deaton 


This work, the third in a series of policy monographs 
published by the Australian Bureau of Agricultural 
and Resource Economics (ABARE), is an accessible 
and valuable resource for understanding Japanese 
agricultural policies. It updates and is more com- 
prehensive than a 1981 monograph by the precursor 
of ABARE, the Australian Bureau of Agricultural 
Economics (BAE). The 1988 volume puts Japanese 
agricultural policy into perspective by providing a 
good summary chapter on the development of postwar 
farm policies and a concluding chapter suggesting 
areas for further reform. The book also features 
separate chapters on the grains, dairy, beef, sweeten- 
ers, fruit, forestry, and fishing industries. The last 
two subjects were not covered in the 1981 study. 


The commodity chapters are uniformly excellent. The 
grains chapter is as good an introduction to Japanese 
rice policies as we know of. Generally, these chapters 
not only discuss the effects of policies of a given 
commodity on the supply, demand, and trade of the 
commodity but also relate them to agricultural policies 
affecting other commodities. The commodity chapters 
also do an excellent job of providing the historical 
origins of these policies. For example, well known is 
the fact that hunger during and after World War II 
affected many Japanese households, having a major 
influence on postwar Japanese policy, particularly 
with regard to rice. However, it probably is not so well 
known, except perhaps in Japan, that major riots 
swept Japan much earlier, when rice prices were 
raised in 1918. It is probably natural for a reader to 
wonder why civil disturbances of 71 years ago are 
important to the current Japanese policy environment. 
The answer that ABARE gives is that the events led to 
the Rice Act of 1921, providing for the “permanent 
government control of rice and other staple foods.” 


ABARE goes on to weave together the story of how 
this law, together with more recent laws, such as the 
Agricultural Basic Law of 1961, have combined to 





Caplan and Deaton are agricultural economists with the 
Agriculture and Trade Analysis Division, ERS. 


solidify the structure of rice farming into its present 
form. Admittedly, some policy changes have occurred 
more recently. The ABARE book does a good job of 
describing the four major diversion programs, the 
first of which was initiated in 1971. 


The other commodity chapters are equally good. The 
problem with these chapters is not to be found in what 
is there, but instead in what is left out. We were 
surprised that there were no chapters on poultry or 
oilseeds. Since Australia is not likely to be a major 
exporter of poultry or oilseeds to Japan, it is perhaps 
understandable that the book spends relatively little 
time on these commodities. But such an explanation 
does not justify the omission. 


Growth in per capita poultry consumption rose from 
0.8 kg./person in 1960 to 9.2 kg./person in 1985, and is 
likely to continue to rise. This change has had major 
effects on Japanese diets, significantly influencing 
production, consumption, and imports of other com- 
modities, like beef. 


Similarly, a discussion of oilseeds would have been 
useful. While formal import barriers are not apparent 
in the case of oilseeds imports, the domination of 
Japanese cooperatives in feed imports has meant that 
price reductions, as a result of the fall in the value of 
the U.S. dollar, were not passed on to Japanese 
livestock producers. Imports of soybean products did 
not accordingly increase to the extent that they would 
have if trade were truly free. Such omissions are not 
serious, but they do weaken the comprehensive nature 
of the work. 


The chapters that do not deal with specific com- 
modities are even better than those that do. Chapter 5, 
which discusses “the characteristics of Japan’s 
agriculture,” is an excellent introduction to the 
peculiarities of Japanese agricultural structure and 
the vagaries of the political environment that affect 
the making of Japanese agricultural policies. 


Chapter 5 makes it clear that to understand the 
current structure of Japanese agriculture, one must 
understand the importance of part-time farming. 
Between 1960 and 1985, the percentage of farm 
households that derived more income from farming 
than from other sources declined from over 50 percent 
to 21 percent. Over the past three decades, the 
availability of off-farm income has been increasingly 
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important to the extent that by 1986 only 15 percent of 
income of farm households was coming from farm 
sources. ABARE provides a good examination of how 
part-time farming has changed in recent decades, but 
it also goes beyond that. The book impressively goes 
beyond a rehash of farm structure statistics to examine 
part-time farming by means of a simple but illum- 
inating labor-leisure choice model (with accompanying 
elasticities) in a box on page 70. 


Chapter 5 also sheds light on the Japanese political 
process. Many writers have noted the influence of the 
rural voters and the debt that the ruling Liberal 
Democratic Party (LDP) owes to these voters. This is 
nothing new and the explanation here is quite straight- 
forward. What is different, or at least less well known, 
is the explanation (see pp. 93-97) of the importance of 
the principle of noninterference by other groups in the 
vital interests of one group as the prime factor in 
allowing rural special interest groups to continue 
their domination of agricultural and rural policies. 


The value of the information provided in chapter 5 is 
perhaps best understood in how it reveals the likelihood 
of major reforms of agricultural policies. The case for 
further reform is put forth in the last chapter, an 
especially timely and interesting piece because of the 
current political uncertainty in Japan. In Japanese 
elections of this past July, the LDP, which had been in 
power since 1955, lost its majority in the upper house 
of the Diet, or Parliament, while the Japanese Socialist 
Party made large gains. The LDP managed to retain 
its leadership in the more powerful lower house after 
elections were held in February. The LDP was careful 
not to further alienate farmers, traditional supporters 
of the LDP, who were partly responsible for the 
party’s serious defeat last summer. Farmers were 
unhappy over the Government’s lowering the rice 
support price in 1987 and 1988, and the impending 
opening of the beef and citrus markets in 1991. 


As is already evident, the LDP’s weakness will slow 
agricultural reform efforts. Just prior to the upper 


house elections in July, the Government, under pres- 
sure from the LDP, decided to keep the 1989 rice 
support price unchanged from the previous year. 
While the new Kaifu Government’s goals for Japanese 
agriculture include improving productivity and 
ensuring a stable supply of food at reasonable prices, 
it has also reaffirmed its policy of maintaining self- 
sufficiency for rice. Many people view change in 
Japan’s tightly controlled rice sector as key to agri- 
cultural reform in Japan. 


As ABARE emphasizes, during the second half of the 
1980’s, the Japanese Government made several im- 
portant agricultural policy changes, including low- 
ering support prices fer key commodities, such as 
grains, soybeans, and livestock. The Government also 
announced several major farm trade liberalization 
measures, including the removal of quotas on beef and 
fresh oranges. ABARE analysts view these events as 
starting the process of agricultural policy reform in 
Japan. They are also modestly optimistic that further 
change will occur because of both internal forces, such 
as the aging population of Japanese farmers, and 
external forces, such as U.S. pressure to open Japan’s 
agricultural market further. The authors did not 
foresee, however, the political troubles of the LDP and 
the probable stalemate in farm reform actions. There 
may not exist the necessary “political will” to continue 
the process of agricultural reform in Japan any time 
soon. 


One final note. It would be easy enough to restrict a 
review of the book to its content. As excellent as the 
content is, to do so would be a mistake, for the style of 
the work is also worthy of mention. Few publications 
published by a government agency of any country are 
as attractive as this one. How the book integrates 
color, text, and graphics makes it authoritative and 
visually impressive. 
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